Identifying and quantifying factors affecting traffic crash severity in Louisiana by Zhang, Hong
Louisiana State University
LSU Digital Commons
LSU Doctoral Dissertations Graduate School
2010
Identifying and quantifying factors affecting traffic
crash severity in Louisiana
Hong Zhang
Louisiana State University and Agricultural and Mechanical College, hzhang6@tigers.lsu.edu
Follow this and additional works at: https://digitalcommons.lsu.edu/gradschool_dissertations
Part of the Civil and Environmental Engineering Commons
This Dissertation is brought to you for free and open access by the Graduate School at LSU Digital Commons. It has been accepted for inclusion in
LSU Doctoral Dissertations by an authorized graduate school editor of LSU Digital Commons. For more information, please contactgradetd@lsu.edu.
Recommended Citation
Zhang, Hong, "Identifying and quantifying factors affecting traffic crash severity in Louisiana" (2010). LSU Doctoral Dissertations.
1724.
https://digitalcommons.lsu.edu/gradschool_dissertations/1724
IDENTIFYING AND QUANTIFYING FACTORS 
AFFECTING TRAFFIC CRASH SEVERITY IN LOUISIANA 
 
 
 
 
 
 
 
 
 
 
A Dissertation 
Submitted to the Graduate Faculty of the 
Louisiana State University and 
Agriculture and Mechanical College 
in partial fulfillment of the 
requirements for the degree of 
Doctor of Philosophy 
in 
The Department of Civil and Environmental Engineering 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
by 
Hong Zhang 
B.S., Xian Highway University, China, 1993 
M.S., Xian Highway University, China, 1997 
M.S., University of Louisiana at Lafayette, 2002 
May, 2010  
  
ii 
 
ACKNOWLEDGEMENTS 
 
I am deeply grateful to my professor Dr. Chester Wilmot for his dedication and support 
throughout my research. This study would not have been possible without his guidance and help. 
This journey of research allows me to learn his ways of thinking and working and I am often 
impressed by his logical thoughts and wise solutions to difficult research questions.  
I feel so honored to have Dr. Adrian, Dr. Ishak, Dr. Wolshon, and Dr. Ellwood to be my 
dissertation committee members. I thank you all for your time and effort for my dissertation.  
I would like to thank my parents Rusheng Zhang and Genyu Li for their love, 
encouragement and strong support, my husband Xuyong Wang for his understanding and 
support, and my two lovely boys, Allen and Andrew, for their understanding.  
  
iii 
 
TABLE OF CONTENTS 
ACKNOWLEDGEMENTS ……………………………………………….……………...………ii 
ABSTRACT…………………………………………………………………………………….....v 
CHAPTER 1.  INTRODUCTION ………………………………………………………………..1 
1.1 Background…………………………………………………………………………….1 
1.2 Objectives…………………………………………………………..…………………..4 
CHAPTER 2. LITERATURE REVIEW………………………………………………………….5 
2.1 Crash Contributing Factors Overview………………………………………………….5 
2.2 Crash Frequency Models……………………………………………………………….6 
2.3 Crash Severity Models…………………………………………………………………9 
2.4 Summary of the Literature Review…………………………………………………...13 
CHAPTER 3. Methodology………………………………………………………………….…..15 
3.1 Crash Severity Prediction Model Selection…………………………………………...15 
3.2 Dependent Variable: Crash Severity Level…………………………………………...15 
3.3 Independent Variables………………………………………………………………...15 
3.4 Model Description…………………………………………………………………….17 
3.4.1 Multinomial Logit Model………………………………………………….......17 
3.4.2 Ordered Probit Model………………………………………………………….19 
3.4.3 Ordered Mixed Logit Model…………………………………………………...22 
3.5 Model Estimation……………………………………………………………………..26 
3.5.1 Multinomial Logit Model……………………………………………………...26 
3.5.2 Ordered Probit Model………………………………………………………….27 
3.5.3 Ordered Mixed Logit Model…………………………………………………...27 
3.6 Model Evaluation and Selection………………………………………………………28 
3.7 Identifying the Contributing Factors and Countermeasures…………………………..29 
3.8 Estimating Safety Impact of Countermeasures……………………………………….29 
 
CHAPTER 4. DATA………………………………………………………………………….....31 
4.1 Crash Data…………………………………………………………………………….31 
4.2 Crash Trend……………………………………………………………………….…..32 
CHAPTER 5. MODEL ESTIMATION AND VALIDATION………………………………….37 
5.1 Sample Data Selection……………………………………………….……………….37 
5.2 Model Estimation and Forecasting Performance………………………………..……38 
5.2.1 MNL Model Estimation Results………………………………………….……38 
5.2.2 MNL Model Goodness of Fit and Forecasting Performance………………….43 
5.2.3 Ordered Probit Model Estimation Results……………………………………..44 
5.2.4 OP Model Goodness of Fit and Forecasting Performance…………………….46 
5.2.5 Ordered Mixed Logit Model Estimation Results………………………….…...47 
5.2.6 OP Model Goodness of Fit and Forecasting Performance…………………..…50 
5.3 Model Comparison and Selection………………………………………………….…51 
5.4 Identify Crash Severity Contributing Factors…………………………………….…..52 
iv 
 
5.5 Summary of Chapter 5………………………………………………………………..53 
CHAPTER 6. ANALYSIS AND DISCUSSION………………………………………………..54  
6.1 Overview of Crash Facts………………………………………………………..…….54 
6.2 Impact of Identified Contributing Factors……………………………………………57 
6.2.1 Alcohol…………………………………………………………………….…...58 
6.2.1.1 Impact of Alcohol Involvement…………………………………….……63 
6.2.1.2 Impact of Male Driver‘s Alcohol Involvement………………………….64 
6.2.1.3 Impact of Young Male Driver Alcohol Involvement……………………64 
6.2.1.4 Impact of Crash Hour…………………………………………………….65 
6.2.1.5 Impact of Weekday………………………………………………………65 
6.2.1.6 Repeat DUI (Drive under Influence) Offenders…………………………66 
6.2.2 Seatbelt Use……………………………………………………………………71 
6.2.2.1 Seatbelt Use and Driver Ejection………………………………………...72 
6.2.2.2 Seatbelt Use by Age and Gender………………………………………...72 
6.2.2.3 Seatbelt and Driver‘s Insurance……………………………………….…73 
6.2.2.4 Impact of Seatbelt Use……………………………………….…………..73 
6.2.2.5 Impact of Insurance………………………………………………………75 
6.2.2.6 Impact of Gender………………………………………………………...75 
6.2.2.7 Impact of Young Male Drivers……………………………….………….76 
6.2.3 Speed………………………………………………………………….………..76 
6.2.3.1 Impact of Average Speed Reduction…………………………………….76                     
6.2.3.2 Impact of Maximum Speed Reduction………………………….……….78 
6.2.4 Multiple Crash Involvements…………………………………………….…….78 
6.3 Identification of Safety Policies and Countermeasures……………………………….86 
6.3.1 A Point System………………………………………………………………...87 
6.3.2 Reinforce the Alcohol Enforcement during Nighttime and on the Weekend….87 
6.3.3 Harsher Penalties for Repeat DUI Offenders………………………………….87 
6.3.4 Uninsured Motorists……………………………………………………………88 
6.3.5 Automated Enforcement……………………………………………………….88 
6.3.6 Reinforce the Driver Education and Provide the Effective Driver  
Training Program for Young Drivers………………………………………………..88 
6.3.7 Lengthen the Leaning Permit License Period for Teenagers…………………..89 
6.4 Safety Benefit Estimation…………………………………………………………….89 
6.5 Summary of Chapter 6………………………………………………………………..92 
CHAPTER 7. CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS………………...93 
7.1 Conclusions. ……………………………………………………….............................93 
7.2 Direction for Future Research………………………………………………….……..99 
7.2.1 Data…………………………………………………………………………….99 
7.2.2 Establish the Quantitative Relationship between Human Factors and  
Crash Severity………………………………………………………………………100 
7.2.3 Study for Repeat DUI Offenders and Drivers Repeatedly Involved in  
Crashes……………………………………………………………………………...100 
7.2.4 Need for Crash Frequency Prediction Model………………………………...101 
REFERENCES…………………………………………………………………………………102 
VITA……………………………………………………………………………………………106  
v 
 
ABSTRACT 
This study was conducted to identify and quantify the factors affecting highway crash severity in 
Louisiana. Three candidate models were fit to the crash data to compare their performance and 
the Ordered Mixed Logit (OML) model was selected as the crash severity prediction model of 
choice. The factors contributing to crash severity identified by the OML model are: age and 
gender of the driver, vehicle speed, whether alcohol played a role in the crash, whether seatbelts 
were used, whether the driver was ejected from the vehicle, whether the crash was a head-on 
collision, whether an airbag was deployed, and whether one of the vehicles was following too 
close behind another vehicle. 
 Among the nine contributing factors, alcohol involvement, seatbelt use, and speed are 
most readily altered by a safety policy or countermeasure.  Thus, a detailed analysis was 
conducted to analyze the impact of these factors on crash severity since they lend themselves to 
alteration. The following conclusions were presented by the study: 
 For every ten percent drop in alcohol-related crashes, 4.5 % fewer fatalities and 8.7 % 
fewer serious injuries were predicted to occur. Proportionally, the reduction in fatalities 
was 5 times higher among young male drivers than the rest of the population.  
 A 10 percent increase of seatbelt use can lead to an 8.4 percent reduction of fatal crashes 
and more than 6 percent decline of severe injury crashes. Targeting young male drivers 
and uninsured drivers would be conceivably more efficient in terms of effort per driver 
than applying countermeasures to all drivers. 
 Reducing the maximum speed can greatly reduce fatal crashes whereas reducing average 
speed can reduce the fatal and all injury crashes. 
The characteristics of the repeat DUI offenders and the repeat crash takers were also 
analyzed in the study. 
vi 
 
Based on the analysis results, safety policies and countermeasures such as a point system 
were identified to remedy the existing safety problems and reduce the overall crash severity. 
How to estimate the benefit of a safety policy is addressed at last. 
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CHAPTER 1.  INTRODUCTION 
1.1 Background 
Motor vehicle travel is the primary means of transportation in the United States, providing an 
unprecedented degree of mobility. However, there are problems that need to be addressed—and 
none is more critical than the need for improved safety. In 2003, 42,643 people lost their lives in 
motor vehicle crashes; an average of 117 fatalities per day, or one every 12 minutes.  During the 
same period, 2,889,000 people were injured and 4,365,000 crashes involved property damage 
only (PDO) (NHTSA, 2003). 
Motor vehicle crashes are the leading cause of death for every age from 2 through 33 years 
of age. The fatal, injury, and property-damage-only crashes have significant economic cost. The 
National Highway Traffic Safety Administration (NHTSA) estimated the economic costs for 
motor vehicle crashes in 2000 at more than $230 billion, or the equivalent of over $800 for every 
person living in the United States. NHTSA‘s estimate of economic costs includes productivity 
losses, property damage, medical costs, rehabilitation costs, travel delay, legal and court costs, 
emergency services, insurance administration costs, and costs to employers (NHTSA, 2003). 
In Louisiana, approximately 160,000 crashes occur in the state each year. On average, 
more than 900 people are killed and about 80,000 injured in traffic crashes annually. Louisiana‘s 
fatality rate has consistently been within the highest range in the nation in the last decade. The 
economic and social costs of traffic crashes are tremendous. Property damage, lost productivity, 
medical expenses, and inflated motor vehicle insurance rates imposed an estimated $5.3 billion 
burden on the state in 2002. Therefore there is an urgent need to improve road safety in 
Louisiana (Wilmot et al, 2005). 
Many factors can combine to produce circumstances that lead to a motor vehicle crash—
there is rarely a single cause of such an event. Three categories of factors contribute to crashes: 
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human factors, roadway environment factors, and vehicle factors. ―Human factors involve the 
actions taken by, or the condition of, the driver of the motor vehicle, including speeding and 
violating traffic laws, as well as being affected by alcohol or drugs, inattention, decision errors, 
and age. Roadway environment factors that contribute to, or are associated with, crashes include 
the roadway design (for example, medians, narrow lanes, the lack of shoulders, curves, access 
points, or intersections); roadside hazards (for example, poles, trees, or embankments adjacent to 
the road); and roadway conditions (for example, rain, ice, snow, or fog). Vehicle factors include 
any vehicle-related failures that may exist in the automobile or design of the vehicle‖ (GAO, 
2003). 
In general, human factors are considered to be the most prevalent factors contributing to 
crashes, followed by roadway environment and vehicle factors. According to the NHTSA, 36 
percent of passenger car occupants and 40 percent of light truck occupants involved in fatal 
crashes were unrestrained (NHTSA, 2003). In fatal crashes, 74 percent of passenger vehicle 
occupants who were totally ejected from the vehicle were killed. There were 17,013 fatalities in 
alcohol-related crashes, representing an average of one alcohol-related fatality every 31 minutes. 
NHTSA estimates that alcohol was involved in 40 percent of fatal crashes and in 7 percent of all 
crashes. Speeding was a contributing factor in 31 percent of all fatal crashes, and 13,380 lives 
were lost in speeding-related crashes.  
Driver age is also a contributing factor to crashes. On a per population basis, drivers under 
the age of 25 had the highest rate of involvement in fatal crashes of any age group. In 2003, 
145,000 older individuals (age 70 years or older) were injured in traffic crashes, accounting for 5 
percent of all the people injured in traffic crashes during the year. These older individuals made 
up 12 percent of all traffic fatalities, 12 percent of all vehicle occupant fatalities, and 16 percent 
of all pedestrian fatalities (NHTSA, 2003). 
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Since the 1970s, progress has been made in reducing the number of fatalities and injuries 
on our nation‘s roads, but the numbers are still significant. From 1975 through 2001, annual 
fatalities decreased from 44,525 to 42,116, or about 5 percent. During the same period, the 
fatality rate per 100 million vehicle miles traveled, a common method of measurement, dropped 
from 3.35 to 1.51, or about 55 percent. This reduction in fatalities was considerable, given the 
growth in the number of drivers and vehicles on the road.  
Efforts currently underway to improve safety, focus on a broad range of issues associated 
with the driver, the vehicle, and the roadway and its environs. The typical approach is to explore 
engineering, enforcement, and educational solutions to these issues. Crash prediction models, 
which link individual driver/road-user characteristics, roadway and environmental, and vehicles 
factors with crashes, help engineers identify and quantify the main contributing factors, 
determine crash prone locations, provide practical countermeasures and evaluate their 
effectiveness. The models have predominantly focused on either the likelihood of crash 
involvement or injury severity given a crash occurrence.  They can be classified as either 
aggregate frequency models, disaggregate count-based models, or disaggregate discrete choice 
models. Among them, ordered-response models recognize the indexed nature of various response 
variables like crash severity and therefore are appropriate for safety studies. The Ordered Probit 
(OP) model has been applied by a number of studies to explore the relationship between crash 
severity and influence factors (Kockelman and Kweon, 2002; Ratnayake, 2004; Khattak, 2002). 
The limitation of the OP model is that the model parameters are fixed and independent so that 
the randomness of each individual crash and the correlation among variables cannot be captured 
by the model. This motivated introduction of the Ordered Mixed Logit (OML) model in which 
the estimated model parameters can vary randomly across individual crashes to account for 
unobserved effects potentially relating to crash contributing factors. Using highway crash data in 
4 
 
Louisiana from 1999 to 2004, three statistical models, a Multinomial Logit (MNL) model, an OP 
model, and an OML logit model, have been developed to identify and quantify the factors 
contributing to crash severity in the state.  
1.2 Objectives 
This study is part of Phase II of the Statewide Traffic Safety Study of Louisiana, sponsored by 
the Louisiana Department of Transportation and Development. Phase I of the study was a 
comprehensive review of the state of the art in highway traffic safety. The goal of Phase II was 
to identify factors affecting traffic safety in Louisiana by analyzing the crash data and to identify 
courses of action that will lead to improved road safety in Louisiana (Wilmot et al., 2005). This 
dissertation is focused on developing a tool that can measure how well alternative courses of 
action can improve road safety in Louisiana.  
The objective of this study is to:  
1. Identify and quantify the main contributing factors to the severity of highway crashes in 
Louisiana including human and roadway and environmental factors. 
2. Identify policies and countermeasures to the major safety factor problems in Louisiana. 
3. Estimate the safety benefit of implementing proposed policies and countermeasures. 
The original contribution of this study to the state of the art is quantification of the impact 
of human factors on crash severity in Louisiana, the application of an OML model to the 
prediction of crash severity in the state, and the crash severity prediction performance 
comparison among three statistical models, a MNL model, an OP model, and an OML model.  
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CHAPTER 2.  LITERATURE REVIEW 
 
2.1 Crash Contributing Factors Overview 
There has been considerable research conducted over the last few decades focused on predicting 
motor vehicle crashes on transportation facilities. In 2003, the Government Accountability 
Office (GAO, 2003) published a report on the factors that contribute to motor vehicle crashes.  
Human factors are considered to be the most prevalent factors, followed by roadway 
environment and then vehicle factors. 
Comparable conclusions were drawn in the so-called Tri-Level Study conducted in 
Indiana in the late 1970s (Treat et al, 1979). This was one of the most significant studies up to 
that time on the factors that contribute to motor vehicle crashes. It investigated the relative 
frequency of crash involvement of various human, environmental, and vehicle factors. The 
research identified human factors as the most frequently implicated factors, and vehicle factors 
as the least frequently implicated.  
A study to specify driver behavior and unsafe driving acts (UDAs) conducted by 
Veridian Engineering (Hendricks, Fell, and Freedman, 1999) also concluded that human factors 
were the dominant factors attributing to crashes. In their study, driver behavioral error caused or 
contributed to 99 percent of the crashes investigated (717 of the 723 crashes). More than half of 
the drivers involved in the crashes (57 percent) contributed in some way to the cause of their 
crashes. The six causal factors associated with driver behaviors with relatively high frequencies 
were: driver inattention (22.7 percent), vehicle speed (18.7 percent), alcohol impairment (18.2 
percent), perceptual errors (15.1 percent), decision errors (10.1 percent), and incapacitation (6.4 
percent). 
The University of North Carolina Highway Safety Research Center (Huang et al., 2002) 
conducted a study for the North Carolina Department of Transportation to identify the factors 
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most closely associated with severe crashes in North Carolina. The main conclusions from the 
study were: for the human factor category, alcohol involvement was a significant factor in severe 
crashes, for the roadway and environmental factor category, curves, low shoulders, trees, and 
darkness were the factors that contributed most to high crash occurrence, and for the vehicle 
factor category, crashes involving motorcycle and bicycles were more severe compared to other 
type of crashes. 
2.2 Crash Frequency Models 
Crash prediction models have focused on either the crash frequency/or the injury severity given a 
crash occurrence.  The statistical models commonly applied for the first category includes 
Poisson, Negative Binomial, Zero-Inflated Poisson and Negative Binomial Models (ZIP and 
ZINB). Studies belonging to the latter category often apply OP model, ordered logit model, 
mixed logit model, and Artificial Intelligence techniques. 
 Crash frequency models are typically of the Poisson form. The number of crashes in a 
given space-time region is regarded as a random variable that takes values 0, 1, 2, ... with 
probabilities obeying the Poisson distribution. A characteristic feature of this distribution is that 
the variance is equal to its mean. More recently, negative binomial models, a variant of the 
Poisson, have been used in crash modeling. Such models generalize the Poisson form by 
permitting the variance to be overdispersed, equal to the mean plus a quadratic term in the mean 
whose coefficient is called the overdispersion parameter (Vogt and Bared, 1998).  
 Miaou et al. (1994) used a Poisson regression model to establish empirical relationships 
among truck accidents and key highway geometric design components. They found that annual 
average daily traffic per lane, horizontal curvature, and vertical grade were significantly 
correlated with truck accident rates. A Poisson regression model was used by Ossiander and 
Cummings (2002) to analyze the association between fatal crash rates and speed limit increase. 
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They analyzed data for fatal crashes, all crashes, fatalities and vehicle miles traveled on rural and 
urban interstate freeways in Washington State from 1970-1994. In 1987, the speed limit on rural 
freeways increased from 55 to 65 mph in Washington State. Researchers found that fatal crash 
rates on Washington State‘s rural interstate was 110 percent higher after 1987 (when the speed 
limit was changed to 65 mph) than it would have been if the speed limit remained the same. 
However, the total crash rate showed little change implying that the share of crashes resulting in 
fatalities increased after the speed limit increased to 65 mph. The researchers observed that the 
geography of Washington State is such that drivers rarely have a real choice between using the 
rural freeway or another highway. Thus, the effect of drivers being attracted from other roads 
onto the higher speed, but generally safer, freeways, thereby improving the statewide impact of 
increasing speed limits did not occur there.  
A negative binomial modeling approach has been applied by Shankar et al. (1996) to 
study the effect of roadway geometrics (horizontal and vertical alignments) and environmental 
factors such as weather and other seasonal effects. They found that when curves are spaced 
further apart (i.e., fewer curves per mile) there is an increase in more severe overturning crashes. 
They also found that highway segments that have curves with lower design speeds result in fewer 
crashes relative to those with higher design speeds; though the presence of snowfall tends to 
increase crashes on those segments with curves of lower design speeds.  Dobson et al. (1999) 
applied a negative binomial model to study the effect of two age groups of female driver (those 
aged 18-23 and those aged 45-50) to crash rate. It was found that the younger female drivers 
were three times more crash-involved than the middle-age women. Hadi et al. (1995) used a 
negative binomial regression analysis to estimate the effects of cross-sectional design elements 
and found that increasing lane width, shoulder width, center shoulder width, and median width 
were significant in reducing crashes.  
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The negative binomial model is usually applied at the aggregated level, meaning that the 
crash frequency is a function of the characteristics of a type of roadway rather than an individual 
segment. An ―extended‖ negative binomial model was proposed by Miaou (1994) to account for 
the heterogeneity within one segment of a roadway. The "extended" negative binomial model 
permits variables with multiple values along a roadway to be treated in disaggregate form, value 
by value, rather than in aggregate form by averages over the whole roadway. Highway segments 
are not truly homogeneous even if shoulder widths, lane widths, speed limits, and the like stay 
constant among them. Other variables, such as horizontal and vertical alignments, are subject to 
variation within the typical segment. The extended negative binomial model aims to capture the 
effect of such inhomogeneities. While the model form remains the same, one single segment is 
further divided into subsections. Then the mean of crashes is estimated for each subsection 
within one segment using constant coefficients for all the subsections. The expected mean 
crashes for the entire section is obtained as a weighted sum of the means of all subsections within 
a single segment.  
Since Poisson and negative binomial crash frequency models do not account for the 
distinction that some sections of roadway are truly safe (near zero-accident likelihood) while 
others are unsafe but happen to have zero crashes observed during the period of observation, they 
could produce biased coefficient estimates because of the preponderance of zero-crash 
observations. As a result, there has been considerable interest in recent years in regression 
models based on zero-inflated distributions. The zero-inflated family of models were developed 
by Mullahy (1986) and extended by Lambert (1992) and Greene (1994). Zero-inflated count 
models are appropriate when some observations have no chance of experiencing the event. In 
other words, there is one process that determines whether a unit is likely to experience the event 
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at all, and a second process determining the number of times that unit experiences the event, 
assuming it is the type that does in fact experience the event. These types of models are suitable 
for crash analysis. Zero-inflated Poisson (ZIP) and zero-inflated negative binomial (ZINB) 
regression models allow one to better isolate independent variables that determine the relative 
accident likelihoods of safe versus unsafe roadways. Miaou (1994) was the first to introduce Zero 
inflated Poisson (ZIP) regression model for safety analyses, where he compared regular Poisson, 
Poisson-gamma, and ZIP regressions for modeling the relationship between truck crashes and 
geometric design features of rural highway segments. Miaou found use of both the negative 
binomial regression and zero-inflated Poisson regression to be more appropriate if the 
overdispersion (having variance exceeding the mean, rather than equaling the mean as the 
Poisson distribution requires) is found to be moderate or high. However, on the whole, zero-
inflated Poisson regression models seem a justified model when crash data exhibit a high zero-
frequency state. 
 Shankar et al. (1997) investigated the applicability of zero-inflated Poisson (ZIP) and 
negative binomial (ZINB) models to model crash counts. Zero-inflated models typically use a 
binary logit model for segmentation of roadways into zero and non-zero crash counts, and a 
count model (Poisson or negative binomial) for those exhibiting crashes. They found the zero-
inflated models performed better, in a statistically significant way, than the non-inflated models. 
This suggests that some road sections may be characterized by a very low to no-crash state, 
distinguishing themselves from crash-prone roadways.  
2.3 Crash Severity Models 
In addition to crash frequency, the severity of injuries sustained by drivers involved in crashes is 
also of considerable interest to policy makers and safety specialists. According to the National 
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Safety Council, the average economic cost per death in a traffic crash in 1994 was $2,600,000, 
$180,000 for a severe injury crash, $36,000 for a moderate injury crash, and $2,000 for a PDO 
crash (NHTSA, 1994). These figures show how rapidly costs rise with increasing severity.  
Multivariate analyses and discrete-response models are often used to model the level of 
injury severity. Among them, the logistic model is a popular choice. For example, Krull et al. 
(2000) used a logistic model to study how driver condition, vehicle type, roadway geometrics, 
AADT, speed limit and rollover involvement affect the probability of fatal and incapacitating 
injuries. They found that those variables that increase the probability of severe injury are rollover 
involvement, failure to use a seatbelt, alcohol use, rural roads (as opposed to urban), and higher 
speed limits. These variables also increase injury severity, given rollovers.  
Bedard et al. (2002) applied a multivariate logistic regression to determine the 
independent contribution of driver, crash, and vehicle characteristics to drivers‘ fatality risk. 
They found that increasing seatbelt use, reducing speed, and reducing the number and severity of 
driver-side impacts might prevent fatalities. Evanco (1999) conducted a multivariate population-
based statistical analysis to determine the relationship between fatalities and crash notification 
times. The analysis demonstrated that crash notification time is an important determinant of the 
number of fatalities for crashes on rural roadways.  
The Multinomial Logit (MNL) model is often used to predict the crash severity. Although 
MNL models do not recognize order in injury levels, they do avoid certain restrictions posed by 
standard ordered models. They allow variables to have opposing effects regardless of injury 
order; for example, air bags may cause more injuries but fewer fatalities. Thus, MNL models are 
still applied in many studies for the crash severity analysis.  
In many crash reporting data bases, the crash severity is reported in three or more 
categories, such as fatal, incapacitating, PDO, etc. Thus, the severity level can be ordered from 
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most severe to less severe. In other words, the severity, the response variable in the model, could 
be considered as an ordinal variable. This feature has been used to model the injury severity 
using ordered-response models. Ordered-response models recognize the indexed nature of 
various response variables. Underlying the indexing in such models is a latent but continuous 
descriptor of the response. The most frequently used model for such analyses is an Ordered Logit 
(OL) or Ordered Probit (OP) model. Of these two models, the OL tends to converge more 
quickly while the OP is more commonly used.  
O‘Donnell and Connor (1996) assessed the probabilities of four levels of injury severity 
as a function of driver attributes and they compared the OL and OP specifications. Their results 
suggest that injury severity rises with speed, vehicle age, occupant age, female gender, blood 
alcohol levels over 0.08 percent, non-use of a seatbelt, manner of collision (e.g., head-on 
crashes), and travel in a light-duty truck. And, according to their comparison of effects, seating 
position of crash victims was most relevant (e.g., the left-rear seat of the vehicle was found to be 
most dangerous) and gender least relevant.  
Kockelman and Kweon (2002) used an OP model to investigate the risk of different 
injury levels sustained under all crash types. They used the U.S. General Estimates System 
(GES) data set in which severity is described in terms of four categories - no injury, not severe 
injury, severe injury, and death. Their work emphasized the effects of vehicle type, while 
controlling for a host of other factors (such as crash type, weather, speed, and occupant 
characteristics). Khattak et al. (2002) have applied an ordered probit modeling approach in their 
study to investigate factors from vehicle, roadway, driver, crash, and environmental 
characteristics that can potentially contribute to older driver crash injury severity. The study 
analyzed 1990-1999 crash data from the State of Iowa in which an older driver (age ≥65 years) 
was injured. New findings from this study were that older drivers who consumed alcohol were 
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more likely to be seriously injured and older driver injuries in farm vehicles were more severe as 
compared with other types of vehicles.  
Khattak et al. (2003) also applied both OP and binary probit modeling approaches in 
investigating risk factors in large truck rollovers and injury severity due to single vehicle crashes. 
In this approach, binary probit models were used to estimate the rollover propensity of large 
trucks while OP models were used to model the injury severity. They found that the driver‘s 
traffic violation and sleepiness, vehicle speed, grade of the roadway, number of occupants, 
vehicle make, and defective brakes of the vehicle are the significant factors for the rollover 
propensity, while vehicle brakes, traffic control violation, vehicle slowing or stopping, post-crash 
fire, driver sleepiness, and alcohol involvement are the main contributing factors to the severity 
of the crash.  
Extensions to the OP and OL model specifications include the Ordered Mixed Logit 
(OML) model, the heteroskedastic ordered probit (HOP) model and the heteroskedastic ordered 
logit (HOL) model. The OML model allows for random coefficients across observational units, 
while the HOP and HOL models allow the error term‘s variance to vary. Recently, travel demand 
modelers have been particularly interested in applying mixed logit models to specify and 
estimate general substitution patterns in discrete choice data to overcome the well-known iia 
(independence from irrelevant alternatives) limitations of the MNL model. While most 
applications of the mixed logit models to date have focused on unordered choice contexts, 
Srinivasan‘s (2002) study formulates a mixed logit model for the analysis of ordered response 
levels for injury severity. The primary purpose of the mixed error structure is to enable the 
specification of a more general threshold structure than existing models. The study indicated that 
the classic ordered response model is typically used by assuming iid (independent and identically 
distributed) errors for the random component of the latent propensity and it imposes three 
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significant and inter-related restrictions on the observed ordinal data. The primary restriction 
arises from the assumption of deterministic thresholds that are often identical across all 
observations for each ordinal response level/category. Second, it is assumed that the thresholds 
are independent of exogenous observed and unobserved attributes of the decision-maker or 
choice context. Third, these models disregard possible correlations across the thresholds of 
different alternatives. It is shown in the study that these assumptions can lead to significant bias 
and inconsistency in ordered response models, which translate directly into forecasting and 
decision-making errors. They proposed the OML model formulation that relaxes the assumptions 
of deterministic thresholds and independence of thresholds to exogenous decision attributes. The 
Chi-square tests have been used to show that the OML model was statistically superior to the OL 
model.  
The application of Artificial Intelligence techniques to analyze transportation problems is 
fairly recent. Abdelwahab et al. (2001) studied the 1997 crash data for the Central Florida area 
focusing on two-vehicle crashes that occurred at signalized intersections. The injury severity was 
divided into three classes: no injury, possible injury and disabling injury. The performance of 
Neural Network (NN) trained by Levenberg-Marquardt algorithm and Fuzzy ARTMAP were 
compared, and found that the NN model (65.6% and 60.4% classification accuracy for the 
training and testing phases) performed better than Fuzzy ARTMAP model (56.1%).  
2.4 Summary of the Literature Review 
Highway crash modeling can be divided into two categories: crash frequency modeling and crash 
severity modeling. A variety of modeling techniques - Poisson, Negative Binomial, Zero Inflated 
Poisson and Zero Inflated Negative Binomial models have been applied to predict crash 
frequency. These models are often used at aggregate level to predict the crash occurrence at 
certain locations and therefore the independent variables are normally the characteristics of 
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roadways or environmental conditions. Human factors, the most important contributing factors, 
are less exploited in these models. In the category of crash severity modeling, the dependent 
variable is generally at the disaggregate level, which is the crash severity of an individual crash. 
The factors that relate to the individual driver, vehicle, and roadway and environmental 
conditions while the crash occurred are typically included into the model. Both crash frequency 
and severity are important to policy makers and engineers and it is important to be able to model 
them accurately.  
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CHAPTER 3. METHODOLOGY 
3.1 Crash Severity Prediction Model Selection 
A crash severity prediction model is needed to establish the relationship between the crash 
severity and the contributing factors. Since the outcome of the model, crash severity, is of a 
discrete nature, discrete choice models were identified as the most suitable approach. Three 
discrete choice models including a MNL model, an OP model, and an OML model were selected 
as candidate models. The MNL model is chosen because it is by far the easiest and most widely 
used discrete choice model. However, the MNL model has a distinct limitation, a property 
known as the "Independence of Irrelevant Alternatives (IIA)‖. In addition, the MNL model does 
not account for the ordinal nature of discrete data and thus the ordering information for crash 
severity (ranked as fatal, severe injury, moderate injury, minor injury, and PDO) are lost. The OP 
model, however, addresses the problem of IIA and ordered discrete data, was therefore included 
in the study. The only limitation of the OP model is that it requires normal distributions for all 
unobserved components of utility. The third candidate mode, the OML model, is a highly 
flexible model that can approximate any random utility model. Furthermore, unlike probit model, 
it is not restricted to assuming the error terms follow a normal distribution.   
3.2 Dependent Variable: Crash Severity Level 
Our main interest of this study is to identify and quantify the contributing factors to crash 
severity and therefore crash severity is the dependent variable in a crash severity prediction 
model.  Crash severity in the crash dataset was divided into five ordered categories: fatal, severe 
injury, moderate injury, minor injury, and PDO.  
3.3 Independent Variables 
The selection of independent variables included the following considerations: factors identified 
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in the literature as contributing to crash severity, human factors, and factors related to crashes 
with high severities. According to the literature, alcohol use, speed, seatbelt use, driver‘s age and 
gender are related to crashes with high severities so that they are included in the model as 
candidate independent variables.  
There are many attributes within each crash record stored in the annual crash database 
and they can be divided into four categories: driver related, crash related, roadway and 
environmental related, and vehicle related. Since this study concentrates on the impact of human 
factors to a crash, we would like to include as many human factors into our study as possible. 
However, there are not too many of them available in the crash dataset. Among the 100+ 
attributes for each crash in the database, less than 10 are human-factor related. Besides the 
factors already included in the model from other considerations, three more candidate variables 
including driver distraction, careless driving, and whether one of the vehicles was following too 
close behind another vehicle were considered for addition to the list of candidate independent 
variables. However, there were too many missing values for driver distraction and careless 
driving so that they were not included in the study. 
Three variables related to high-severity crashes including whether the crash was a head-
on collision (41% percent of the fatal crashes were head-on collisions in 2004), whether the 
driver was ejected from the vehicle (27 percent of the fatal crashes involved ejection in 2004), 
and whether an airbag was deployed (25 percent of the fatal crashes involved airbag deployment 
in 2004) were selected as candidate independent variables. 
 Although the impact of human factor to the crash severity is our main interest, we also 
want to consider the influence of the roadway and environmental factors since they also 
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contribute to crash severity. As a result, one representative variable, whether a crash occurred on 
a curved roadway section, was included in the study. 
In total, ten variables were selected as candidate independent variables including driver‘s 
age, whether alcohol played a role in the crash, whether an airbag was deployed, whether a 
vehicle was driving on a curved roadway section, whether the driver was ejected from the 
vehicle, whether one of the vehicles was following too close behind another vehicle, driver‘s 
gender, whether the crash was a head-on collision, whether seatbelts were used, and vehicle 
speed. 
3.4 Model Description 
3.4.1 Multinomial Logit Model 
By far the easiest and most widely used discrete choice model is logit. Its popularity is due to the 
fact that the formula for the choice probabilities takes a closed form and is readily interpretable. 
A decision maker, labeled n, faces J alternatives. The utility that the decision maker obtains from 
alternative j is decomposed into (1) a part labeled njV  that is known by the researcher up to some 
parameters, and (2) an unknown part nj that is treated by the researcher as random: 
jnjnjnj VU                                                                                                              (3.1)                               
 The logit model is obtained by assuming that each nj  is independently, identically 
distributed extreme value. The distribution is also called a Gumbel or type I extreme value.  The 
density function for each unobserved component of utility is 
nj
nj e
nj eef )(                                                                                                        (3.2)      
and the cumulative distribution is 
nje
nj eF )(                                                                                                                (3.3)      
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 The variance of this distribution is 6/2 .  The difference between two extreme value 
variables is distributed logistic. That is, if nj and ni are iid extreme value, then ninjnij
*
follows the logistic distribution 
nij
nij
e
e
F nij *
*
1
)( *                                                                                                               (3.4)      
 The probability that decision maker n chooses alternative i is 
 )(Pr ijVVobP njnjninini  
        )(Pr ijVVob ninjnjni                                                                                (3.5)      
 If ni is considered given, this expression is the cumulative distribution for each nj
evaluated at ninjnj VV , which is )))(exp(exp( ninjnj VV . Since the s' are independent, 
this cumulative distribution over all ij  is the product of the individual cumulative 
distributions: 
)( njVniVnie
ij
nini eP                                                                                                 (3.6)      
Of course, εni is not given, and so the choice probability is the integral of Pni | εni over all 
values of ni  weighted by its density: 
 
ni
ee
ij
ni deeeP
ni
ni
njVniVni )(
                                                                                    (3.7)      
 
 Some algebraic manipulation of this integral result in a succinct, closed form expression: 
 
njj
vi
ni
eV
e
P                                                                                                                      (3.8)      
 
which is the logit choice probability.  
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 A limitation of the MNL model is that it has the IIA property. The IIA property is that the 
relative probability of choosing between any two alternatives is independent of all other 
alternatives. Correlation among unobserved factors across alternatives, which is possible, 
violates the IIA property making the MNL model ineffective under those conditions. In addition, 
the MNL model does not account for the ordinal nature of discrete data and thus the ordering 
information for crash severity (ranked, for example, as fatal, severe injury, moderate injury, 
minor injury, and PDO) is lost. 
3.4.2 Ordered Probit Model 
The logit model is limited in three important ways. It cannot represent random taste variation. It 
exhibits restrictive substitution patterns due to the IIA property. And it cannot be used with panel 
data where unobserved factors are correlated over time for each decision maker. GEV models 
relax the second of these restrictions, but not the other two. Probit models deal with all three. 
They can handle random taste variation, they allow any pattern of substitution, and they are 
applicable to panel data with temporally correlated errors. 
The only limitation of probit models is that they require normal distributions for all 
unobserved components of utility. In many, perhaps most situations, normal distributions provide 
an adequate representation of the random components. However, in some situations, normal 
distributions are inappropriate and can lead to perverse forecasts. A prominent example relates to 
price coefficients. For a probit model with random taste variation, the coefficient of price is 
assumed to be normally distributed in the population. Since the normal distribution 
asymptotically approaches zero in either tail of its distribution, it has density on both sides of 
zero, and the model necessarily implies that some people have a positive price coefficient. The 
use of a distribution that has density only on one side of zero, such as the lognormal, is more 
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appropriate and yet cannot be accommodated within probit. Other than this restriction, the probit 
model is quite general. 
The probit model is derived under the assumption of jointly normal unobserved utility 
components. Utility is decomposed into observed and unobserved parts:  
jnjnjnj VU                                                                                                              (3.9)      
Consider the vector composed of each εnj, labeled .  Assume that n
is distributed normal with a mean vector of zero and covariance matrix Ω. The density of n  is 
nnen
1'2/1
2
1
)(                                                                                              (3.10)      
 
The covariance can depend on variables faced by decision maker n, so that Ωn is the 
more appropriate notation; however, we omit the subscript for the sake of simplicity. 
 
 The choice probability is 
 
)(Pr ijVVobP njnjninini  
 
     nnnjnjnini
dijVVI )()(
                                                                (3.11)      
 
 where I (·) is an indicator of whether the statement in parentheses holds, and the integral 
is over all values of εn. This integral does not have a closed form. It must be evaluated 
numerically through simulation. 
The choice probabilities can be expressed in a couple of other ways that are useful for 
simulating the integral. Let Bni be the set of error terms εn that result in the decision  
maker choosing alternative i :  
 
}..{ ijVVtsB njnjnininni .                                                                          (3.12)      
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Then 
 
nnBni dP nin )(                                                                                                     (3.13)      
 
which is an integral over only some of the values of n rather than all possible values, namely, 
the sn '  in niB . 
 
Regular discrete choice models, such as the MNL and multinomial probit, do not cater to 
the indexed nature of some response variables such as crash severity. In this study, crash 
severity, is an ordered event in which fatal, severe injury, moderate injury, minor injury and 
PDO crashes occur. An OP model is capable of catering to these conditions. In the probit 
modeling process the error term is assumed to be normally distributed with mean 0 and variance 
1.  
 Let sn denote the observed injury severity level of driver n, sn * is the latent (unobserved) 
and continuous injury severity measure, and  j (j =1, 2, 3, 4) denotes the cut-off or threshold 
points for injury severity, such that the following hold: 
sn 1 (no injury) if  -   ≤  sn*  ≤ 1                                                                                                                                                                                                           (3.14)      
sn 2 (minor injury) if  1  ≤ sn*  ≤  2                                                                                                  (3.15)     
sn 3 (moderate injury) if   2  ≤ sn*  ≤  3                                                                                                                                                                              (3.16)     
sn 4 (severe injury) if   3  ≤ sn* ≤  4                                                                                                                                                                                                 (3.17)     
sn 5 (fatality) if    4 ≤ sn* ≤ +                                                                                 (3.18)     
The latent injury severity measure sn * is expressed as the following: 
nnn Xs '*                                                                                                  
 (3.19)      
where  
Sn* = latent and continuous measure of injury severity faced by driver n in a crash, 
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Xn = a vector of explanatory variables describing the driver, vehicle, and roadway   and 
environment, 
' = a vector of parameters to be estimated, and 
n = a random error term (assumed to follow a standard normal distribution). 
Denote s as the observed discrete severity level, then the observed discrete injury severity 
variable for individual n, Sn , is determined from the model as follows: 
sn = 1 
)'()'()'()*()1( 1111 nnnnnnnnnn XXPXPsPsL     
                                                                                                                                         (3.20)      
            sn = 2 :      )'()'()*()2( 1221 nnnnnn XXsPsL           (3.21) 
  sn = 3 :    )'()'()*()3( 2332 nnnnnn XXsPsL                       (3.22)              
      sn=  4       )'()'()*()4( 3443 nnnnnn XXsPsL                (3.23)                  
  sn = 5 :   )'(1)*()5( 44 nnnn XsPsL                        (3.24)                    
where    
 (x) is the standard normal cumulative distribution function. 
 The probabilities for all level of injuries add up to one. 
3.4.3 Ordered Mixed Logit Model 
In recent years, researchers have paid increasing attention to the mixed logit model (also known 
as the Error Component model or Logit Kernel Probit model) (McFadden and Train, 2000). The 
mixed logit probability can be derived from utility-maximizing behavior in several ways that are 
formally equivalent but provide different interpretations. The most widely used is based on 
random coefficients. The decision maker n faces a choice among J alternatives. The utility of 
person n from alternative i is specified as: 
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ninini XU '                                                                                                  (3.25) 
where: 
niU   is the utility that individual n obtains from alternative i,  
'   is a coefficient vector which varies in the population with density f( ' | *)     where 
* are the parameters of this distribution, 
Xni  is a vector of explanatory variables describing alternative i and individual n,  
ni   is an unobserved random term that is distributed iid extreme value. 
 Conditional on ' , the probability that decision maker n chooses alternative i is a standard 
logit: 
J
j
x
x
ni
nj
ni
e
e
L
1
'
'
                                                                                                  (3.26) 
 The unconditional probability is the integral of the conditional probability over all 
possible values of ' , which depends on the parameters of the distribution of ' : 
')|'()'( dfLP nini                                                                                         (3.27) 
 However, the mixed logit model does not recognize the index nature of crash severity, 
which, as described earlier, is usually reported in order from less severe to severe. Therefore, an 
OML logit model is proposed in this study to analyze the relationship between crash severity and 
its contributing factors.  
The OML logit model can be formulated as follows: Similar to the OP model, let sn 
denote the observed injury severity level of driver n, let sn * be the latent and continuous injury 
severity measure, and  j (j =1, 2, 3, 4) the cut-off or threshold points for injury severity, such 
that the following holds: 
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sn 1 (no injury) if  -   ≤  sn*  ≤ 1                                                                                                                                                                                                           (3.28) 
sn 2 (minor injury) if  1  ≤ sn*  ≤  2                                                                                              (3.29)
sn 3 (moderate injury) if   2  ≤ sn*  ≤  3                                                                                                                                                                              (3.30)
sn 4 (severe injury) if   3  ≤ sn* ≤  4                                                                                                                                                                                                  (3.31)
sn 5 (fatality) if    4 ≤ sn* ≤ +                                                                                 (3.32)
 The latent injury severity measure sn * is expressed as: 
nnn Xs '*                                                                                                               (3.33) 
where: 
'  a vector of parameters to be estimated. The coefficients vary over drivers in the 
population with density f ( '  | ), where  are the true parameters of the distribution of 
' , 
Xn   is a vector of explanatory variables including human, roadway and environmental, and 
vehicle factors that contribute to crashes,  
n    is an unobserved random term that is distributed iid Gumbel value, independent of  n 
and  Xn. 
 Conditional on ' , the probability of driver n experiencing injury severity sn can be 
written as follows: 
Sn = 1: )'()'()'()*()1( 1111 nnnnnnn XFXPXPsPsL       (3.34) 
   where   F(x) is the logistic CDF (cumulative distribution function) 
 The probability of driver n experiencing other severity levels are as follows: 
      Sn= 2:      )'()'()*()2( 1221 nnnn XFXFsPsL                                       (3.35) 
Sn = 3:    )'()'()*()3( 2332 nnnn XFXFsPsL                                         (3.36) 
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Sn = 4:    )'()'()*()4( 3443 nnnn XFXFsPsL                                       (3.37) 
Sn = 5:   )'(1)*()5( 44 nnn XFsPsL                                                      (3.38) 
 The probabilities for all level of injuries add up to one. 
 The unconditional probability is the integral of the conditional probability over all 
possible values of ' : 
')|'()'( dfLsPs nn                                                                                        (3.39)                                  
 Three crash severity prediction models, a MNL model, an OP model, and an OML logit 
model, created as described in equation (3.1) to (3.39), were established in this study. They are 
disaggregated models that apply to each individual crash. The common dependent variable is the 
probability of the crash severity experienced by the individuals involved in a crash. The 
independent variables are the series of possible contributing factors leading to the severity of the 
crash. These factors can be classified into three categories: human factors, roadway and 
environmental factors, and vehicle factors. Human factors involve the actions taken by or the 
condition of the driver of the vehicle such as speeding, being affected by alcohol or drugs, and 
violating traffic laws. Roadway and environment factors include the design of the roadway and 
roadway and environmental conditions such as lane width, and roadway and weather conditions 
when the crash occurred. Vehicle factors include any failures that may exist in the automobile or 
design of the vehicle. Independent variables are either numerical such as vehicle operating speed 
or categorical such as driver‘s gender. Since the crash may be caused by a combination of 
factors, combined variables were also generated and input to model as the independent variables. 
For example, the slippery road combined with rain plus a distracted driver may cause a severe 
crash.  
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3.5 Model Estimation 
3.5.1 Multinomial Logit Model 
The estimation of the model parameters can be carried out through the method of maximum 
likelihood. The probability of person n experiencing the severity level i can be expressed as 
 
i
Y
ni
niP )(                                                                                     (3.40) 
 
where Yni =1 if person n experienced severity level i and zero otherwise.  
Since Yni =0 for all non-chosen alternatives and Pni raised to the power of zero is 1, this 
term is simply the probability of the chosen alternative. 
 Assuming that each decision maker‘s choice is independent of that of other decision 
makers, the probability of each person in the sample choosing the alternative that he or she 
was observed to choose is 
N
n i
Y
ni
niPL
1
)()(                                                                                  (3.41) 
where β is a vector containing the parameters of the model.  
 The log likelihood function is then  
)ln()(
1
ni
N
n i
ni PYLL                                                                                    (3.42) 
 
and the estimator is the value of β that maximizes this function. At the maximum of the 
likelihood function, its derivative with respect to each of the parameters is zero: 
0
)(
)(
d
dLL
                                                                                              (3.43) 
 The maximum likelihood estimates are therefore the values of β that satisfy this first-
order condition. The model estimation is carried out by using LIMDEP software (Greene, 2008). 
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3.5.2 Ordered Probit Model 
Estimation of the parameters of the OP model can be carried out in the same manner as in the 
logit model through the method of maximum likelihood using the LIMDEP software package. 
3.5.3 Ordered Mixed Logit Model 
In the estimation of a mixed logit model, the coefficient of each independent variable is 
estimated through a simulated maximum likelihood procedure. It is assumed that the coefficient 
of each explanatory variable  follows a normal distribution with density )|(f , where  
refers to the parameters of this distribution (mean and covariance of ). The parameters  need 
to be estimated. For any given value of , the following four steps are implemented to 
approximate L (Sn), which is the probability of driver n experiencing the severity level Sn: 
 Draw a value of 
r
 from )|(f , where r = 1 refers to the first draw,  
(1) Calculate the conditional likelihood L nS  (
r ) with this draw, 
   )'()'(
1 i
r
ji
r
jn XFXFLS                                                                 (3.44) 
(2) Repeat steps 1 and 2 many times, Let R denote the total number of draws, 
(3) Average the results. This average is the simulated probability nSP

. 
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
                                                                             (3.45) 
 The simulated probabilities at each severity level of a crash nSP

are then inserted into 
the log-likelihood function to give simulated log likelihood SLL: 
N
n S
nnS
n
n
SPdSLL
1
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0
ln

                                                                                     (3.46) 
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Where  
N is the total number of drivers that involved in a crash in the crash database. 
dnSn =1, if driver n experienced the severity level Sn,  
dnSn =0, otherwise. 
 The maximum simulated likelihood estimator (MSLE) is the value of that maximizes 
SLL. The simulation procedure can be implemented using LIMDEP software. 
3.6 Model Evaluation and Selection 
With the chosen independent variables from previous step, goodness-of-fit tests can be 
conducted to test how well each model fits the data. Two tests can be conducted: 
1. The likelihood ratio index ρ where  
        ρ is defined as 
)0(
)ˆ(
1
LL
LL
                                                                     (3.47) 
where  
)ˆ(LL is the value of the log-likelihood function at convergence with all  
parameters estimated  
 LL(0) is its value when all parameters except the constant are set equal to zero.  
If the estimated parameters do no better, in terms of the likelihood function, than zero 
parameters, then )ˆ(LL = )0(LL  and  = 0. When  = 1, a perfect model is achieved 
because each crash severity in the calibration data set is predicted perfectly. The model 
with the highest  value is the best.  
2. Proportions of crashes at each severity level predicted by the three models can be 
compared to the observed proportions of the crash data. A model with the best prediction 
performance is identified as the crash severity prediction model. 
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3.7 Identifying the Contributing Factors and Countermeasures  
All candidate independent variables identified in section 3.3 were considered candidate 
contributing factors. Factors with a positive coefficient suggest the likelihood of more severe 
injuries with increasing value of the variable, and the magnitude of the coefficient reflects the 
importance of the variable with due attention given to the units in which it measured. That is, the 
impact of the change of each factor to the dependent variable, crash severity, depends not only 
on the magnitude of the coefficient, but also on their units. Based on the fact that each factor can 
be measured in different units, the percentage change of each contributing factor was applied 
instead of the absolute change to ensure the impact of proposed countermeasures of each factor 
is comparable. 
 Effective policies and countermeasures can be identified as those that influence the most 
significant contributing factors. For example, the enforcement on seat belt use is one of the 
countermeasures if seat belt use was identified by the model as the crucial contributing factor to 
the severity of a crash.  
3.8 Estimating Safety Impact of Countermeasures 
To predict the safety impact of policies and countermeasures, the shares of each crash severity 
level are first estimated from the total number of drivers involved in the crashes times the 
average probability of severity at each severity level. Then the aggregated shares of all crashes at 
each severity level before and after the change of the policy and the implementation of the 
countermeasures are estimated. Effective policies and safety countermeasures are expected to 
lower the aggregated shares at high severity level. Since the model used in this study is a 
disaggregate model, the safety policies or countermeasures have to be reflected as changes in 
independent variable values in each individual crash. For instance, if the impact of increasing the 
speed limit needs to be estimated by the model, the speed of all vehicles in the dataset need to be 
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increased by the same amount, or by the expected response that an individual will make to an 
increase in speed limit. If the countermeasures involve categorical variables such as seat belt use 
(i.e. the driver either wears a seat belt or does not), seat belt use rate must be increased a certain 
amount, say from 70 percent to 80 percent among the respondents by randomly selecting 
candidates to change. The individual predictions of crash severity are then aggregated to 
establish new shares at each severity level. 
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CHAPTER 4. DATA 
4.1 Crash Data  
The crash data used in this study is obtained from two sources: LACRASH, a statewide motor 
vehicle traffic crash data system used by law enforcement agencies throughout the State of 
Louisiana to electronically capture motor vehicle crash reporting information, and the annual 
crash database maintained by the Louisiana Department of Transportation and Development (LA 
DOTD).  
LACRASH electronically receives crash reports submitted by police officers using 
evidence found at the scene, and by interviewing participants and witnesses either by in-car 
laptops or desktop entry. It describes the characteristics of crashes, vehicles and people (drivers, 
injured and uninjured occupants and injured pedestrians and bicyclists) involved. There are over 
one hundred attributes recorded for each crash that can be divided into four categories: driver, 
crash, vehicle, and roadway and environmental characteristics. The driver attributes include 
driver‘s age, gender, seat belt use, alcohol involvement, etc. The characteristics describing how, 
when, and where crash occurred such as crash date, time, location, severity, type of collision 
(single vehicle crash or multi vehicle collision) belong to the crash category. The vehicle 
attributes contain information like vehicle make, year, number of axles, and type of vehicle. The 
roadway and environmental attributes include highway type, roadway condition, weather 
condition, and more. 
The LA DOTD crash database selects crash attributes from LACRASH, combines them 
with roadway geometric features such as the control section number, the highway functional 
classification, pavement type, highway type, alignment of the roadway, shoulder type, and 
shoulder width. 
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Since both datasets contain valuable information to this study, a combined dataset was 
created by merging the two datasets together. The unique crash identification number that exists 
in both datasets was used as a primary key to link the corresponding characteristics for a crash. A 
new crash dataset keeps the same number of crashes but more crash attributes.  Six years of crash 
data (1999-2004) was used in this study. 
4.2 Crash Trend 
An overview of traffic related information in Louisiana is presented in Table 4.1 (LACRASH 
website, 2009). The population and licensed drivers increased slightly from year 1999 to 2004. 
About 64 percent of the population had a driver‘s license in 2004 (2,868,000 out of 4,496,000). 
The total vehicle miles traveled increased 8 percent, from 41,200 million miles in 1999 to 44,500 
million miles in 2004. The average distance traveled per year per licensed driver increased from 
14,868 to 16,000 miles. The registered vehicles increased from 3,548,000 to 3,823,000 during 
the same period. 
Table 4.1 Overview of Traffic Related Information 
  
Vehicle Miles 
Traveled 
(100 Million Miles)  
Licensed 
Drivers 
(1,000) 
Population 
 (1,000) 
Registered 
Vehicles 
(1,000) 
1999 412 2,771 4,372 3,548 
2000 407 2,799 4,469 3,605 
2001 412 2,820 4,470 3,605 
2002 433 2,839 4,483 3,659 
2003 442 2,799 4,494 3,771 
2004 445 2,868 4,496 3,823 
 
In the crash dataset, each crash was categorized by five severity levels: fatal crash, severe 
injury crash, moderate injury crash, minor injury crash, and PDO crash. Table 4.2 summarizes 
the crash statistics from year 1999 to 2004. It shows that the total number of crashes increased by 
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7.5 percent from 152,947 in 1999 to 164,386 in 2004. The distribution of crash severities 
demonstrates a downward trend based on the fact that the fatal crash decreased from 831 (0.54 
percent to total) in 1999 to 815 (0.49 percent to total) in 2002. Although it went up again to 827 
in 2003 and 858 in 2004, the percentage to total crashes is still below previous years. The severe 
injury crash was down from 1521 (0.99 percent to total) in 1999 to 1411 (0.86 percent to total) in 
2004, and the moderate injury crash decreased from 12439 (8.13 percent to total) to 10439 (6.35 
percent to total) during the same period. Figure 4.1, 4.2, 4.3 and 4.5 show the overall decreasing 
trend for fatal, severe injury, moderate injury and PDO crashes. On the other hand, the 
proportion of minor injury crashes increased during the same period (Figure 4.4).  
Although it is encouraging to see the downtrend of the crash severity, there were still 
more than 800 fatal crashes that occurred each year and the fatality rate in Louisiana is much 
higher than the national average as indicated in Table 4.3.  The fatal crash rate in Louisiana in 
2004 was 2.2 fatal crashes per 100 million miles traveled, which is 47 percent higher than the 
national average of 1.5 and this places Louisiana among a few states with a fatal crash rate 
higher than 2.0 (NHTSA, 2005).  
Table 4.2 1999-2004 Louisiana Crashes by Severity Level  
Year 
All 
Crashes 
Fatal 
% to 
Total 
Severe 
% to 
Total 
Moderate 
% to 
Total 
Minor 
% to 
Total 
PDO 
% to 
Total 
1999 152947 831 0.54% 1521 0.99% 12439 8.13% 31118 20.35% 107038 69.98% 
2000 157862 846 0.54% 1571 1.00% 11722 7.43% 34987 22.16% 108729 68.88% 
2001 159431 864 0.54% 1560 0.98% 10968 6.88% 36285 22.76% 109754 68.84% 
2002 166704 815 0.49% 1650 0.99% 11070 6.64% 38230 22.93% 114939 68.95% 
2003 160954 827 0.51% 1526 0.95% 10622 6.60% 36580 22.73% 111397 69.21% 
2004 164386 858 0.52% 1411 0.86% 10439 6.35% 38303 23.30% 113875 69.27% 
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Figure 4.1 Proportions of Fatal Crashes by Year 
 
 
 
Figure 4.2 Proportions of Severe Injury Crashes by Year 
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Figure 4.3 Proportions of Moderate Injury Crashes by Year 
 
 
 
Figure 4.4 Proportions of Minor Injury Crashes by Year 
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Figure 4.5 Proportions of PDO Crashes by Year 
 
 
Table 4.3 1999-2004 Fatality Rate (Fatalities per 100 Million Miles Traveled) 
Year 
LA Fatality Rate 
Fatalities/100 
Million Miles 
Traveled 
US Fatality Rate 
Fatalities/100 
Million Miles 
Traveled 
1999 2.3 1.7 
2000 2.3 1.6 
2001 2.3 1.5 
2002 2.1 1.5 
2003 2.1 1.5 
2004 2.2 1.5 
Note: Fatalities are defined as the total number of people who died in traffic crashes.  
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CHAPTER 5. MODEL ESTIMATION AND VALIDATION 
 
5.1 Sample Data Selection 
There are 164,386 records in the 2004 crash dataset. It is computationally inefficient to run such 
a huge dataset using LIMDEP software, especially for the OML logit model, which requires a lot 
more memory and space than the other two models. As a result, a sample dataset was created to 
conduct the analysis. The first step was to choose the sample size.  
Yamane (1967) provided the following simplified formula to calculate a sample size.  
 
)(1 2eN
N
n  
Where: n is the sample size,  
N is the population size (164,386), 
And e is the desired level of precision (0.03).  
When this formula is applied to the original crash dataset with e value of 0.03, a sample 
size of 1103 is obtained. However, based on the distribution of crash severity, fatal crashes only 
account for less than one percent of total crashes and a sample size of 1103 would lead to less 
than ten fatal crashes in the sample dataset.  Therefore, the sample size needs to be enlarged to 
accommodate this fact. Sudman (1976) suggests that 100 elements are needed for each major 
group or subgroup in the sample and for each minor subgroup, a sample of 20 to 50 elements is 
necessary. The fatal crash is considered as a major group so that 100 elements are considered to 
be sufficient in this study. The proportion of fatal crashes was 0.51 percent (the average value for 
crash data from 2001 to 2004). Then the sample size is calculated as: 
100/0.0051=19607  
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It was rounded to 19610. Two sample datasets were selected from the original dataset to 
conduct the analysis, one is for the model estimation and the other one is for the model validation 
and prediction. Once the sample size was decided, the LIMDEP software was used to randomly 
draw two sample datasets from the original crash dataset.  
Three candidate crash severity prediction models, a MNL model, an OP model, and an 
OML model, were first applied to the sample dataset 1 (estimation dataset) to conduct the model 
estimation and test of model fit and then applied to the sample dataset 2 (validation dataset) to 
investigate the model forecasting capability. A model with the best performance was chosen to 
be a crash severity prediction model. 
5.2 Model Estimation and Forecasting Performance 
Ten variables were selected as candidate independent variables. As mentioned earlier, they are: 
age and gender of the driver, vehicle speed, whether alcohol played a role in the crash, whether 
seatbelts were used, whether the driver was ejected from the vehicle, whether the crash was a 
head-on collision, whether an airbag was deployed, whether one of the vehicles was following 
too close behind another vehicle, and weather the crash was occurred on a curved-roadway 
section.  
Table 5.1 lists all 10 candidate variables and the manner in which they are defined in the 
dataset.  As can be seen, among the ten variables, only age and speed are continuous variables 
and the rest are dummy variables.  
A correlation matrix of the 10 key variables is shown in Table 5.2. An examination of 
partial correlations indicates generally weak correlations across these variables, suggesting that 
predictor variables all provide distinct and unique information.  
5.2.1 MNL Model Estimation Results 
The dependent variable, crash severity, was coded as fatal, severe injury, moderate injury, minor 
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Table 5.1 Candidate Variables 
Independent 
Variables 
Definition 
Age Driver‘s age 
Airbag Airbag deployed (1 = yes, 0 = no) 
Alcohol Driver‘s alcohol involvement (1 = yes, 0 = no) 
Curved Crash occurred on curved roadway (1=yes, 0=otherwise) 
Ejection Driver ejected from the vehicle (1 = yes, 0 = no) 
Following too 
close 
Driver‘s violation is following too close (1 = yes, 0 = no) 
Gender Driver‘s gender (1=male, 0=female) 
Head-on Head-on collision (1 = yes, 0 = no) 
Seatbelt Driver‘s seatbelt use (1 = yes, 0 = no) 
Speed Speed of the vehicle 
 
Table 5.2 Correlation Among Independent Variables 
 
 
  Age Speed Alcohol Head-on Airbag Ejection Seatbelt 
Following 
Too Close 
Gender Curved 
Age 1.000 -0.075 -0.042 0.006 -0.052 -0.016 0.033 -0.040 0.028 -0.015 
Speed   1.000 0.134 -0.033 0.125 0.069 -0.078 -0.139 0.097 0.189 
Alcohol     1.000 0.070 0.111 0.062 -0.182 -0.056 0.071 0.065 
Head-on       1.000 0.044 0.019 -0.108 -0.032 -0.051 0.041 
Airbag          1.000 -0.033 -0.058 -0.034 0.066 0.042 
Ejection           1.000 -0.303 -0.035 -0.055 -0.057 
Seatbelt              1.000 -0.006 -0.006 -0.078 
Following  
Too Close 
              1.000 -0.006 -0.078 
Gender                 1.000 0.064 
Curved                   1.000 
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injury, and PDO crash in the original crash dataset. In the process of model estimation in the 
LIMDEP software, crash severity was described in terms of alternatives 0, 1, 2, 3, and 4, 
representing crash severity ranging from fatal to PDO crashes, respectively.  
There are two types of Multinomial Logit models in the LIMDEP software: the 
Multinomial Logit (MNL) and the Conditional Logit (CL) model (Greene, 2008). Although there 
are some interpretative differences between the two, they have the same functional form. A MNL 
model can be described by a situation where the main influences on the choice outcome are the 
characteristics of the observations (i.e.,individual crash). This is in contrast to the CL model 
where the primary influences are the attributes of alternatives (i.e., characteristics of different 
crash severities). Our data are described only by the characteristics of crashes whose attributes 
do not vary across outcomes. For example, the time of a crash does not vary across severity level 
for that individual crash, but it does among observations in the dataset as a whole.  
In practice, when estimating the model the model coefficients of the reference group are 
set to zero. Since 5 severities exist, only (5-1) distinct sets of parameters can be identified and 
estimated. Table 5.3 lists the MNL estimation results. Beside two among the 10 candidate 
variables, following-too-close and curved roadway section, all remaining eight variables have a 
significant impact on the crash severity. The model estimate results are not very impressive 
because the log likelihood at convergence is only reduced from -14238.79 to -12530.57.  
The coefficients of the estimated model can be interpreted as follows. A positive 
significant coefficient on a variable indicates that the variable is associated with a higher 
probability of being in that group choice relative to the reference group. The implication is that 
the probability of a crash at that level of severity is greater than the probability of placing it in 
the reference group. The negative sign means that the probability of a crash at that level of 
severity is smaller than the probability of placing it in the reference group. For example, the 
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coefficient of seatbelt use is a positive value of 5.27 for the severity level of PDO, indicating that 
the probability of a crash to be a PDO crash is higher than a fatal crash if a seatbelt was used.  
 Table 5.3 Multinomial Logit Model Estimation Results 
 
   Prob[Y = 1]  Prob[Y = 2]  Prob[Y = 3]  Prob[Y = 4] 
  Coefficient P-value Coefficient P-value Coefficient P-value Coefficient P-value 
Constant 3.34 0.00 6.46 0.00 8.07 0.00 10.06 0.00 
Age 0.01 0.54 0.04 0.05 0.05 0.01 0.04 0.02 
Speed -0.02 0.05 -0.01 0.13 -0.01 0.06 -0.02 0.00 
Alcohol -0.60 0.22 -1.36 0.00 -1.42 0.00 -1.39 0.00 
Head-on -0.55 0.41 -1.25 0.04 -1.65 0.00 -2.05 0.00 
Airbag 0.99 0.07 0.83 0.01 0.92 0.05 -0.12 0.02 
Ejection -0.72 0.53 -1.22 0.01 -2.38 0.03 -5.64 0.01 
Seatbelt 1.46 0.00 1.87 0.00 2.94 0.00 5.27 0.00 
Gender -0.28 0.55 -0.52 0.18 -0.89 0.02 -1.34 0.00 
 
 
Log likelihood at Zero:                    -14238.79 
Log likelihood at Convergence:      -12530.57 
Number of Observations:                  19610 
The marginal effects, defined as the derivative of the probability with respect to an 
independent variable  have substantive behavioral meaning, and are provided below to explain 
the role of each parameter. For continuous variables, a marginal effect is the influence a one unit 
change in an explanatory variable has on the probability of selecting a particular outcome. For 
dummy variables, the marginal effects are the derivative of the probability given a change in the 
dummy variable and thus represent the influence of a change the variable upon the probability of 
choosing a given outcome. 
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The marginal effects of each explanatory variable for each of five severity levels are 
shown in Table 5.4 for the MNL model. Driver‘s alcohol involvement has a positive impact on 
fatal and all injury crashes but a negative impact on PDO crashes. This indicates that alcohol 
involvement increases the probability of fatal and injury crashes but is less likely to be associated 
with PDO crashes given that a crash does occur. Head-on collision, and driver ejected from the 
vehicle are more likely to be associated with fatal and all injury crashes, but less likely to be 
related to PDO crashes. Use of a seatbelt reduces the driver‘s chance to be involved in fatal and 
all level of injury crashes. The results also indicate that male drivers are more likely to be 
involved in fatal and injury crashes than female drivers.  
Table 5.4 Marginal Effects of Significant Variables in MNL Model 
  
Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury 
PDO 
Age -0.0002 -0.0001 0.0002 0.0004 -0.0003 
Speed 0.0001 -0.0006 0.0007 0.0026 -0.0033 
Alcohol 0.0011 0.006 0.006 -0.0009 -0.0113 
Head-on 0.0015 0.0392 0.0393 0.0754 -0.1206 
Airbag -0.0003 0.0591 0.0591 0.1483 -0.2111 
Ejection 0.0027 0.1695 0.1695 0.4058 -0.5959 
Seatbelt -0.0028 -0.128 -0.128 -0.2948 0.4365 
Gender 0.0007 0.0296 0.0296 0.0604 -0.0941 
 
The result shows that MNL does not have a consistent and logical sign across all levels of 
the crash severity. For example, driver‘s age has negative coefficient on fatal, severe and PDO 
crashes but positive coefficients on moderate and minor injury crashes. It presents a confused 
conclusion that as driver‘s age increases, the probability to be involved in fatal, severe injury and 
43 
 
PDO crashes increases, but the chance to be involved in moderate and minor injury crashes 
decreases. Similarly, higher speed increases the occurrence of fatal, moderate and minor injury 
crashes but reduces the chance of severe injury and PDO crashes. As we can see in the later 
analysis, the OP model and the OML model have no such a problem. 
5.2.2 MNL Model Goodness of Fit and Forecasting Performance 
Two methods were used to conduct the test of model goodness of fit (GOF): the likelihood ratio 
index and the percent correctly predicted by the model at each crash severity level.  
The first test is the likelihood ratio index, ρ, is defined as:  
)0(
)ˆ(
1
LL
LL
 
where  
)ˆ(LL is the value of the log-likelihood function at convergence  
LL(0) is its value when all parameters except the constant are set equal to zero. 
The likelihood ratio index for the MNL model is then calculated as 0.12, which is not 
impressive. 
The second test is the proportion of each severity level correctly predicted by the model. 
As mentioned earlier in this chapter, there are two sample datasets: dataset 1 for the model 
estimation and dataset 2 for the validation.  The observed proportion of crashes by severity is 
compared to the model predicted proportions and the percentage accurately predicted by the 
model can be calculated. Table 5.5 shows the results of the MNL model application to dataset 1. 
It shows that the least prediction accuracy occurred among fatal crashes whereas the best 
prediction occurred among PDO crashes. It also indicates that the MNL model underestimates 
fatal and all injury crashes and overestimates PDO crashes.  
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Table 5.5 MNL Model Application on Dataset 1 
  Actual Predicted  Percent Correct 
Fatal  0.46%     0.33%          72.7% 
Severe Injury 0.98% 0.82% 83.3% 
Moderate 
Injury 6.07% 5.38% 
88.6% 
Minor Injury 22.31% 19.81% 88.8% 
PDO 70.18% 73.64% 95.3% 
 
The MNL model was also applied to the dataset 2 to test the model forecasting 
performance. The observed vs. model predicted proportion of crashes by crash severity is 
presented in Table 5.6.  It shows that the least prediction accuracy occurred among severe injury 
crashes whereas the best prediction occurred among PDO crashes. Similar to its performance on 
the estimation dataset, the MNL model underestimates fatal and injury crashes and overestimates 
PDO crashes.  
Table 5.6 MNL Model Application on Dataset 2 
  Actual Predicted  Percent Correct 
Fatal  0.45% 0.32% 70.8% 
Severe Injury 0.95% 0.66% 69.5% 
Moderate Injury 6.85% 5.84% 85.3% 
Minor Injury 21.49% 18.76% 87.3% 
PDO 70.26% 74.38% 94.5% 
5.2.3 Ordered Probit Model Estimation Results 
The model estimation results of the OP model are listed in Table 5.7. Nine variables remain in 
the final model since they make significant contributions to the crash severity. Three factors 
including driver‘s age, seatbelt use, and following too close have a significant positive impact on 
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the crash severity whereas the other 6 variables have a significant negative impact on the crash 
severity. A positive coefficient suggests the likelihood of less severe injuries with increasing 
value of the variable while a negative coefficient suggests otherwise. 
Table 5.7 Ordered Probit Model Estimation Results 
Variables Parameters P-value 
Constant 3.054 0.0000 
Age 0.004 0.0002 
Speed -0.015 0.0000 
Alcohol  -0.114 0.0044 
Head-on  -0.402 0.0000 
Airbag -0.620 0.0000 
Ejection -1.677 0.0000 
Seatbelt 0.952 0.0000 
Following too 
close 0.507 0.0000 
Gender -0.262 0.0000 
 
Threshold Parameters for Probabilities            P-value 
MU(0)                    0                              0.0000 
MU(1)               0.541                            0.0000 
MU(2)               1.630                            0.0000 
MU(3)               2.563                            0.0000    
 
Log likelihood at Zero:                    -14238.79 
Log likelihood at Convergence:      -11248.64 
Number of Observations:                  19610 
Table 5.8 presents the marginal effects of the OP model. It indicates that driver‘s age has 
a negative impact on fatal and all injury crashes but a positive impact on PDO crashes. It means 
that as a driver‘s age increases, they are less likely to be involved in more severe crashes. In 
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addition, higher speed, alcohol use, head-on collision, airbag deployment, and driver‘s ejection 
are the factors that lead to a higher incidence of fatal and injury crashes. It also indicates that 
male drivers are more likely to be involved in crashes with high severities. The use of a seatbelt 
reduces the chance of fatal and injury crashes and following too close is a factor that leads to a 
higher probability of PDO crashes.  
Table 5.8 Marginal Effects of Significant Variables in the OP Model  
  Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury PDO 
Age -0.0001 -0.0001 -0.0003 -0.0007 0.0011 
Speed 0.0000 0.0001 0.0013 0.0031 -0.0045 
Alcohol 0.0002 0.0009 0.0106 0.0235 -0.0351 
Head-on 0.0012 0.0044 0.0459 0.0834 -0.1349 
Airbag 0.0022 0.0076 0.0735 0.1264 -0.2096 
Ejection 0.0463 0.0790 0.3133 0.1590 -0.5976 
Seatbelt -0.0075 -0.0207 -0.1472 -0.1730 0.3483 
Following 
too Close 
-0.0004 -0.0020 -0.0310 -0.0918 0.1252 
Gender -0.0005 -0.0019 -0.0237 -0.0536 0.0796 
 
The signs of the coefficients are consistent across fatal and injury levels but change 
considerably for PDO crashes. This is because PDO is effectively the reverse of the more severe 
crashes and this model assigns severity to crashes. Note, however, that while the signs of the 
parameters reverse for PDO relative to the more severe crashes, the magnitude of the parameter 
value change with severity level throughout.  
5.2.4 OP Model Goodness of Fit and Forecasting Performance 
The log likelihood of the OP model has decreased from -14238.79 at zero to -11248.64 at 
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convergence.  The log likelihood ratio index ρ is 0.21, which is an improvement from the MNL 
model, but is still not a good fit.  
 The OP model was applied to sample dataset 1 to test the model fit. The observed versus 
model predicted number of crashes by crash severity is presented in Table 5.9. The OP model 
has a better fit at each severity level compared to the MNL model.  
The OP model was also applied to sample dataset 2 to test the model forecasting 
performance. The observed vs. model predicted proportion of crashes by crash severity is 
presented in Table 5.10. It shows a better prediction performance compared to the MNL model. 
Table 5.9 OP Model Application on Dataset 1 
  Actual Predicted  Percent Correct 
Fatal  0.46% 0.39% 84.2% 
Severe Injury 0.98% 0.87% 88.9% 
Moderate Injury 6.07% 5.51% 90.9% 
Minor Injury 22.31% 21.11% 94.6% 
PDO 70.18% 72.12% 97.4% 
 
Table 5.10 OP Model Application on Dataset 2 
  Actual Predicted  Percent Correct 
Fatal  0.45% 0.37% 81.3% 
Severe Injury 0.95% 0.79% 83.1% 
Moderate 
Injury 6.85% 6.11% 89.2% 
Minor Injury 21.49% 20.18% 93.9% 
PDO 70.26% 72.55% 96.9% 
5.2.5 Ordered Mixed Logit Model Estimation Results 
The estimation results of the OML model are presented in Table 5.11. All variables were initially 
coded to have a random parameter. However, analysis revealed that two variables (alcohol and  
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Table 5.11 Ordered Mixed Logit Model Estimation Results 
Variables 
Parameter Estimates (P-value) 
Standard deviations of 
random 
Fixed  Random 
Parameter Estimate 
(P-value) 
Constant 6.2691 (0.0000)     
Age - 0.0068 (0.002) 0.0111 (0.000) 
Speed - -0.0239 (0.000) 0.0055 (0.000) 
Alcohol  -0.2548 (0.04670) - - 
Head-on Collision -   -0.8346 (0.0007) 1.5938 (0.000) 
Airbag - -1.1823 (0.002) 0.0131 (0.048) 
Ejection - -3.4466 (0.000) 1.1834 (0.000) 
Seatbelt - 1.765 (0.000) 0.1102 (0.0028) 
Following too close 0.9892 (0.0000) - - 
Gender - -0.6663 (0.000) 0.6311 (0.000) 
 
Threshold Parameters for Probabilities            P-value 
MU(0)                    0                              0.0000 
MU(1)               1.2858                          0.0000 
MU(2)               3.7098                          0.0000 
MU(3)               5.5259                          0.0000    
Log likelihood at Zero:                    -14238.79 
Log likelihood at Convergence:       -8443.34 
Number of Observations:                  19610 
following too close) could be adequately described by fixed parameters.  The remaining seven 
variables including driver's age, driver‘s gender, speed, seatbelt use, if driver was ejected from 
the vehicle, head-on collision and airbag deployment have two parameters (mean and standard  
deviation) representing their role. The unobserved heterogeneity as represented by the standard 
deviation of the parameters is statistically significant for all random variables. This also indicates 
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that the ability to capture the unobserved heterogeneity has been lost due to the rigid model 
specifications of other model specifications.  
A positive coefficient suggests the severity increases as the value of the variable 
increases whereas a negative coefficient suggests the contrary. Like the OP model estimation 
results, only driver‘s age, seatbelt use, and following too close have a positive impact to the 
crash severity, the rest variables have a negative impact to the crash severity. 
The marginal effects of each explanatory variable for OML model is shown in Table 
5.12. Speed, alcohol use, head-on collision, airbag deployment, driver‘s ejection, and male driver 
are the factors that lead to a higher incidence of fatal and injury crashes. Age, seatbelt use, and 
following too close reduce the probability of fatal and injury crashes but increase the chance of 
being involved in PDO crashes. It also indicates that all parameters in OML model have a 
consistent and logical sign across all levels of the crash severity.  
Table 5.12 Marginal Effects in Of Significant Variables in OML Model 
  
Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury 
PDO 
Age -0.00010 -0.0001 -0.0003 -0.0007 0.0011 
Speed 0.00001 0.0001 0.0008 0.0029 -0.0038 
Alcohol 0.00030 0.0007 0.0096 0.0340 -0.0445 
Head-on 0.00120 0.0030 0.0381 0.1149 -0.1571 
Airbag 0.00180 0.0045 0.0568 0.1638 -0.2268 
Ejection 0.02860 0.0670 0.4221 0.1826 -0.7003 
Seatbelt -0.00430 -0.0111 -0.1258 -0.2467 0.3879 
Following 
too Close 
-0.00060 -0.0017 -0.0224 -0.0932 0.1179 
Gender -0.00050 -0.0019 -0.0237 -0.0813 0.1065 
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5.2.6 OP Model Goodness of Fit and Forecasting Performance 
The model results indicate that the OML model has delivered the best GOF among three models. 
The log-likelihood has decreased from -14238.79 to -8443.34, which is very impressive 
compared to the other two models. The log likelihood ratio index ρ is 0.41, the highest among 
three models. 
The OML model was applied to the sample dataset 1 to test the model fit. The observed 
versus model predicted proportion of crashes by crash severity is presented in Table 5.13. Except 
for fatal crashes, over 90 percent of the crash severities were correctly predicted by the OML 
model, indicating the best fit among three models.  
Table 5.13 OML Model Application on Dataset 1 
  Actual Predicted  Percent Correct 
Fatal  0.46% 0.40% 86.7% 
Severe Injury 0.98% 0.93% 94.4% 
Moderate Injury 6.07% 5.77% 95.1% 
Minor Injury 22.31% 21.89% 98.1% 
PDO 70.18% 69.33% 98.8% 
The forecasting the performance of OML model was tested by applying it to sample 
dataset 2. Table 5.14 presents the model prediction results.  It shows that the OML model has the 
best prediction performance at each severity level compared to the other two models.  
Table 5.14 OML Model Application on Dataset 2 
  Actual Predicted  Percent Correct 
Fatal  0.45% 0.37% 87.5% 
Severe Injury 0.95% 0.84% 88.1% 
Moderate Injury 6.85% 6.20% 90.5% 
Minor Injury 21.49% 20.67% 96.2% 
PDO 70.26% 71.92% 97.8% 
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5.3 Model Comparison and Selection 
The estimate results from three models are summarized in Table 5.15. It is obvious that the OML 
model has the best performance based on the fact that it has the highest value of log-likelihood 
ratio index.  
Table 5.15 Comparison of Model Estimation Results 
 MNL OP OML 
Log likelihood at Zero -14238.79 -14238.79 -14238.79 
Log likelihood at Convergence -12530.57 -11248.64 -8443.34 
log likelihood ratio index ρ 0.12 0.21 0.41 
 
Table 5.16 presents the model fit comparison which is a result of applying three models 
to sample dataset 1. It shows that OML model has the best fit to the data at each severity level.  
Table 5.17 presents the comparison of model application on sample dataset 2. It shows 
that the OML model has the best forecasting ability at each severity level. 
Table 5.16 Comparison of Model Fit  
 MNL OP OML 
Fatal Crash 72.7% 84.2% 86.7% 
Severe Injury 83.3% 88.9% 94.4% 
Moderate Injury 88.6% 90.9% 95.1% 
Minor Injury 88.8% 94.6% 98.1% 
PDO 95.3% 97.4% 98.8% 
Table 5.17 Comparison of Model Predictions 
 MNL OP OML 
Fatal 70.8% 81.3% 87.5% 
Severe Injury 69.5% 83.1% 88.1% 
Moderate Injury 85.3% 89.2% 90.5% 
Minor Injury 87.3% 93.9% 96.2% 
PDO 94.5% 96.9% 97.8% 
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 From above comparisons, it is obvious that the OML model has the best performance and 
therefore it is selected as the crash severity prediction model.  
5.4 Identify Crash Severity Contributing Factors 
Since the OML model was selected as the final crash severity prediction model, all independent 
variables that have a significant impact on the crash severity were identified as the crash severity 
contributing factors. These variables are presented in Table 5.18, they are: age of the driver, 
gender of the driver, vehicle speed, whether alcohol played a role in the crash, whether seatbelts 
were used, whether the driver was ejected from the vehicle, whether the crash was a head-on 
collision, whether an airbag was deployed, and whether one of the vehicles was following too 
close behind another vehicle.  
Variables that have a significant impact on the crash severity identified by the other two 
models are also listed in Table 5.18. It shows that the OP and OML models recognize the same 
nine contributing factors to the crash severity while the MNL model agrees with eight of them. 
The detailed analysis on how these factors influence crash severity is introduced in Chapter 6. 
Table 5.18 Crash Severity Contributing Factors Identified by Three Models 
  MNL OP OML 
Age Y Y Y 
Gender Y Y Y 
Speed Y Y Y 
Alcohol  Y Y Y 
Seatbelt Y Y Y 
Ejection Y Y Y 
Head-on Collision Y Y Y 
Airbag Y Y Y 
Curved N N N 
Following too close N Y Y 
                          Y: Significant;   N: Not Significant 
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5.5 Summary of Chapter 5 
This chapter presents the estimate results from three candidate models, the MNL model, the OP 
model, and the OML model. It shows that the OML model has the best GOF as well as 
forecasting capability and thus was selected as the crash severity prediction model. The crash 
contributing factors are also identified in this chapter, they are: age and gender of the driver, 
vehicle speed, whether alcohol played a role in the crash, whether seatbelts were used, whether 
the driver was ejected from the vehicle, whether the crash was a head-on collision, whether an 
airbag was deployed, and whether one of the vehicles was following too close behind another 
vehicle.  
  
54 
 
CHAPTER 6. ANALYSIS AND DISCUSSION 
6.1 Overview of Crash Facts 
There were over 280,000 licensed drivers in Louisiana in 2004. Figure 6.1 illustrates the 
distribution of licensed drivers by age group for both males and females. It shows that female 
drivers exceed male drivers in each age group. The number of licensed drivers in ten year 
increments increases gradually from the 15 to 24 year age group to the 45 to 54 age group, and 
then drops off rapidly with an increase in driver‘s age.  
 
Figure 6.1 Licensed Drivers by Age and Gender in Louisiana (2004) 
The total number of crashes of all severities, as indicated in Figure 6.2, peaks with 
youngest age group and then decreases steadily as driver‘s age increases. Male drivers are 
involved in more crashes than female drivers even though there are fewer males than females. 
Figure 6.3 indicates that for every 100 licensed drivers, the youngest age group (age 15 to 24) 
has the highest number of drivers involved in crashes and it drops off rapidly to age group 25-34, 
and then gradually decreases with an increase in driver‘s age. Male drivers were found to be 
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Figure 6.2 Crashes by Age Group and Gender (2004) 
 
Figure 6.3 Crashes per 100 Licensed Drivers by Age and gender (2004) 
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more prone to crash involvement than their female counterparts. 
Male drivers are not only involved in more crashes, but are also involved in crashes with 
higher severities. Figure 6.4 presents the proportions of male and female drivers by crash 
severity.  As can be seen, the proportion of male drivers is much higher than female drivers in 
fatal and severe injury crashes.  
Figure 6.5 shows the fatality rate (fatalities per 10,000 licensed drivers) in Louisiana 
during 2004. For male drivers, it varies considerably among age groups. The age group 15 to 24 
years has a fatality rate four times higher than the lowest group between 65 and 74.  The age 
group 85 years and older surprisingly ranked as the second highest, indicating that this group of 
people is vulnerable to fatal crashes. Male drivers‘ fatality rate is higher than female drivers‘ in 
all age groups, especially among younger and older drivers (it may vary if the exposure is  
 
Figure 6.4 Proportions of Male & Female Drivers by Severity (2004) 
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Figure 6.5 Fatality Rate (Fatalities per 10,000 Licensed Drivers) (2004) 
different, say, total miles traveled).  For female drivers, the fatality rate was relatively consistent 
among age groups although younger and older female drivers have a slightly higher fatality rate 
compared to middle aged drivers. Comparing the overall crash rate with the fatality rate  reveals  
that older drivers (age 75 years and older) have a low overall crash rate but a high fatality rate, 
indicating that although these drivers are less likely to be involved in crashes, the consequence is 
normally severe if they are involved in a crash.  
6.2 Impact of Identified Contributing Factors 
There were 9 factors identified by the OML model as contributing to the severity: age, gender, 
speed, alcohol, seatbelt, driver ejected from the vehicle, head-on collision, airbag, and following 
too close. Among them, alcohol involvement, seatbelt use, and speed can be altered by policy or 
countermeasure. In this chapter, the analysis conducted to investigate the impact of these factors 
on crash severity is reported.  
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6.2.1 Alcohol 
Alcohol was identified by the model as one of the factors contributing to crash severity. About 5 
percent of total crashes from year 2000 to 2004 were alcohol related.  However, the proportion of 
alcohol-related crashes varies considerably by crash severity.  The proportion of alcohol 
involvement increases with an increase in severity level as illustrated in Figure 6.6.  The 
proportion of alcohol involvement is about 5 percent among PDO crashes but it increases to over 
40 percent in fatal crashes. Observing the trend between 2000 and 2004 in Figure 6.6 shows that 
the proportion of alcohol-related crashes kept increasing between 2000 and 2004. Since alcohol-
related crashes are highly related to crash severity, further analysis was conducted to better 
understand the relationship and the factors contributing to it. 
 
Figure 6.6 Proportion of Alcohol-related crashes to Total Crashes by Severity 
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presents the proportion of male and female drivers in alcohol-related crashes by severity. Male 
drivers were dominant in alcohol-related crashes at all severity levels. The proportion variation 
between male and female drivers was the highest in fatal crashes and then gradually decreases as 
severity decreases. Male drivers accounted for about 85 percent of all fatal crashes, dropping 
steadily with increasing severity to 75 percent among PDO crashes.  
 
Figure 6.7 Proportion of Male and Female Drivers in Alcohol-related crashes by Severity (2004) 
Figure 6.8 presents the alcohol-related crash rate in 2004 and it shows that for every 
10,000 licensed drivers, there are more male drivers involved in alcohol-related crashes than 
female drivers in every age group, especially among young drivers. In the youngest age group 
(age 15 to 24), male drivers‘ alcohol crash rate was almost three times higher than female 
drivers, but the difference decreases as driver‘s age increases. For drivers aged 65 years and 
older, both male and female drivers showed a low alcohol crash involvement rate.  
Young male drivers (age 15 to 24 years) had the highest crash rate, highest fatality rate, 
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Figure 6.8 Alcohol-related Crash Rate by Gender and Age (2004) 
and the highest alcohol-related crash rate and therefore they are clearly a section of society that 
generate a safety concern. 
Second, the crash characteristics were analyzed to see if there were any abnormal features 
associated with alcohol-related crashes. Figures 6.9 and 6.10 demonstrate the hourly distribution 
of overall and alcohol-related crashes, respectively, in Louisiana in 2004. The year 2004 was 
chosen as a representative year; distributions are similar by year. By comparing the two 
distributions, it is obvious that the alcohol-related crashes occurred more frequently during off 
peak hours (9 pm to 3 am) despite the fact that the traffic is relatively light during this period of 
time. The overall crashes, on the other hand, occurred more often at peak hours (8 am and 4 to 6 
pm) when heavy traffic conditions prevail.  
Figures 6.11 and 6.12 show the crash distribution by weekday. The results demonstrate 
that the overall crashes occur more frequently during weekdays (Monday through Friday), 
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Figure 6.9 All Crashes by Hour in 2004  
 
 
Figure 6.10 Alcohol-related crashes by Hour in 2004  
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especially on Fridays, whereas the alcohol-related crashes occur more frequently on weekends: 
nearly half of alcohol-related crashes (44 percent) occur on Saturday and Sunday while only less 
than 24 percent of overall crashes occurred on these days. Considering that most alcohol-related 
crashes occur in the evening, as shown in Figure 6.10, and non alcohol-related crashes during the 
day, the contrast between weekday and weekend alcohol-related crashes in Figure 6.11 and 6.12 
is even greater than the number suggested above. 
 
Figure 6.11 Crashes by Weekdays (2004) 
 
Figure 6.12 Alcohol-related crashes by Weekday (2004) 
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 The above analysis indicates that driver‘s age and gender, crash hour, and crash day play 
a big role in alcohol-related crashes. In order to investigate the impact of these factors to the 
crash severity, a series of the OML model applications were conducted. 
6.2.1.1 Impact of Alcohol Involvement 
In order to analyze the impact of a decline in alcohol involvement to crash severity, a 10 percent 
reduction of alcohol-related crashes was applied to the original sample dataset. That is, 10 
percent of crashes with alcohol involvement were randomly selected from the dataset and their 
classification of alcohol involvement changed from ―yes‖ to ―no‖.  A new dataset with less 
alcohol involvement was thus created and the OML model was applied to it to estimate the 
change in distribution of crash severities. The model prediction results are presented in Table 
6.1.  
Table 6.1 Severity Reductions due to 10% less Alcohol Involvement 
  Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury PDO 
Percent 
Reduction -4.5% -8.7% -5.9% -1.9% 0.9% 
 The results show that a 10 percent reduction in alcohol involvement can lead to more 
than 4 percent decrease in fatal crashes, meaning that about 34 lives could be saved in Louisiana 
each year if one out of ten drivers would not drink and drive. Severe and moderate injury crashes 
decreased considerably and minor injury crashes also decreased. Only the PDO crashes slightly 
increased, which was due to the fact that all changes predicted by the model are relative to one 
another and do not take into account that a reduction in drinking and driving has the greater 
impact on the crashes with greatest bodily injury, and very distinctly on fatalities.  
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6.2.1.2 Impact of Male Driver‘s Alcohol Involvement 
In order to analyze the impact of a reduction in alcohol-related crashes among male drivers to 
crash severity distribution, a new dataset with 10 percent less male driver‘s alcohol involvement 
was created and the OML model was applied to it to estimate the change of crash severities. 
Model application results are presented in Table 6.2, indicating that nearly 3 percent reduction in 
fatal crashes could be achieved, which is nearly three quarters of the total reduction caused by 
less alcohol involvement among all drivers. Severe injury crashes can be reduced by 5.3 percent, 
which is 61 percent of total reductions caused by less alcohol involvement among all drivers. 
These numbers illustrate why reducing alcohol involvement among male drivers is an effective 
way to reduce overall crash severities since male drivers account for less than half of the driver 
population, but contribute disproportionately to fatal and serious injury crashes.  
Table 6.2 Severity Reductions due to 10% less Alcohol-Related Crashes among Male Drivers 
  Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury PDO 
Percent 
Reduction -2.9% -5.3% -3.7% -1.4% 0.7% 
 
 
6.2.1.3 Impact of Young Male Driver Alcohol Involvement  
In order to test the impact of safety countermeasures to this group of people, a new dataset with 
10 percent less alcohol-related crashes among young male drivers (age 25 and under) involved in 
alcohol-related crashes was created and the OML model was applied to investigate the change of 
crash severities. Table 6.3 summarizes the forecast results. It shows that fatal crashes decreased 
more than 1 percent, which was about one fourth of the total reductions caused by 10 percent less 
alcohol involvement among all drivers, while male drivers 25 years and younger account for 
only 7 percent of the driver population. Clearly, young male drivers are the segment of the 
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population who are disproportionately experiencing fatalities and severe injuries due to alcohol-
involvement. 
Table 6.3 Severity Reductions due to 10% less Alcohol-Related Crashes among Young Male 
Drivers 
  Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury PDO 
Percent 
Reduction -1.2% -3.1% -2.4% -0.81% 0.4% 
 
 
6.2.1.4 Impact of Crash Hour 
Table 6.4 shows the forecast results based on application of the OML model to a dataset with 10 
percent less alcohol crashes occurring between 9 pm and 3 am. It indicates that 2.3 percent of the 
fatal crashes could be reduced, which is 51 percent of the total reduction if there was less alcohol 
involvement during all hours. It is a very significant finding because crashes occurring between 9 
pm and 3 am account for less than 25 percent of all crashes.  
Table 6.4 Severity Reductions due to 10% less Alcohol-Related Crashes between 9pm and 3am 
  Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury PDO 
Percent 
Reduction -2.3% -4.1% -3.2% -1.1% 0.5% 
 
 
6.2.1.5 Impact of Weekday 
The impact of weekdays to the crash severity is presented in Table 6.5. The OML model was 
applied to a dataset with 10 percent less alcohol involvement on Saturday and Sunday. It 
indicated that nearly 1.8 percent of the fatal crashes could be reduced, which is 40 percent of the 
total reduction if there is 10 percent less alcohol involvement among all weekdays. Considering 
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that only 24 percent of the total crashes occur on these two days, reducing the alcohol 
involvement on the weekends is clearly more efficient in terms of overall severity reduction. 
Table 6.5 Severity Reductions due to 10% less Alcohol-Related Crashes on Saturdays and 
Sundays 
  Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury PDO 
Percent 
Reduction -1.8% -3.4% -2.6% -0.9% 0.5% 
 
6.2.1.6 Repeat DUI (Drive under Influence) Offenders 
Some drivers are repeatedly involved in DUI crashes. The major concern with these repeat 
offenders is that they know what the consequences are but are still willing to violate the law. 
These drivers are the ones who need special attention while preparing strategies to reduce 
alcohol-related crashes.  
There were 1949 repeat DUI offenders in Louisiana during the period 1999 to 2004 as 
shown in Table 6.6.  Most repeat DUI offenders in this dataset had two DUI convictions but one 
driver had six alcohol-related crashes within the six-year period. As indicated in Figure 6.13 and 
Figure 6.14, age and gender are important factors in this behavior pattern: repeat DUI offenders‘ 
rate (total repeat DUI offenders per 10,000 licensed drivers) peak in age group 21 to 24 among 
male drivers. For female drivers, this rate is much lower than male drivers and it does not vary a 
lot by age. The overall distribution by gender and age were very similar between two-time and 
three-time offenders, except that there were considerably fewer three-time offenders in every age 
group.  
How often these repeat DUI offenders were involved in alcohol involved crashes was 
another concern because it explains whether or not these drivers learned their lesson from a 
previous conviction.  The time gap between DUI convictions by age among two-time DUI 
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Table 6.6 Repeat DUI Offenders 
  
Total 
2-Time DUI Offenders 1720 
3-Time DUI Offenders 199 
4-Time DUI Offenders 26 
5-Time DUI Offenders 3 
6-Time DUI Offenders 1 
 
 
 
 
Figure 6.13 Two-Time DUI Offender‘s by Age and Gender 
 
0.00
5.00
10.00
15.00
20.00
25.00
30.00
35.00
15-20 21-24 25-34 35-44 45-54 55-64
R
ep
ea
t 
D
U
I 
O
ff
en
d
er
's
 R
a
te
 (
O
ff
en
d
er
s/
1
0
,0
0
0
 
L
ic
en
se
d
 D
ri
v
er
s)
Driver's Age
Male
Female
68 
 
 
Figure 6.14 Three-Time DUI Offender‘s Rate by Age and Gender 
 
 
Figure 6.15 Time Gap of Two-Time DUI Offenders by Age  
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offenders is presented in Figure 6.15. Compared to younger drivers, older drivers took a longer 
time to commit a DUI offence the second time. This suggests that older drivers were more 
responsive to the penalty of a DUI conviction than younger drivers. Strangely, age group 15 to 
20 had the smallest time gap and, therefore, the least response among all age groups even though 
they did not even meet the legal drinking age requirement (the legal drinking age in Louisiana is 
21 years).  
Comparing the time gap between first and second conviction and second and third 
conviction, Figure 6.16 shows that the average time gap between second and third convictions 
were shorter than between the first and second convictions. This indicates that DUI offenders in 
this offender range of two to three convictions in six years do not change their drinking and 
driving behavior following previous convictions. It indicates that self education for repeat DUI 
offenders is apparently not effective and therefore the harsher penalties for these particilar group 
of people are needed to change their behavior. The impact of age is less pronounced in this group 
than among less frequent offenders, suggesting that a different  attitude exists among chronic 
offenders rather than a reduced sense of responsibility associated with young people.  
 The overall consequence of crashes of repeat DUI offenders is more severe than other 
crashes as indicated in Table 6.7. The proportion of fatal crashes is over three times higher and 
the proportion of severe injury crashes is more than five times higher than other crashes. This is 
not surprising because a driver under the influence of alcohol tends to drive carelessly. One 
evidence of this is that seatbelt use among repeat DUI offenders as indicated in Figure 6.17, is 
much lower than other drivers: the higher the frequency of DUI convictions, the less a seatbelt is 
used.  
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Figure 6.16 Time Gap between Three-Time DUI Offenders  
 
Table 6.7 Crash Severity Distribution among Repeat DUI Offenders 
 
Overall Repeat DUI Crashes 
Fatal 0.23% 0.84% 
Severe 0.36% 2.01% 
Moderate 2.89% 12.08% 
Minor 12.92% 21.29% 
PDO 83.60% 63.79% 
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Figure 6.17 Seatbelt Non-Use among Repeat DUI Offenders 
6.2.2 Seatbelt Use 
Figure 6.18 presents seatbelt use by crash severity. It shows that the higher the severity level, the 
lower the seatbelt use. The proportion of seatbelt use was the lowest at 34 percent in fatal crashes 
and the highest at 90 percent in PDO crashes.  
 
Figure 6.18 Seatbelt Use by Crash Severity (2004) 
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6.2.2.1 Seatbelt Use and Driver Ejection 
Seatbelts generally prevent total ejection from a car during a crash, an important factor in 
preventing fatalities. Based on 2004 Louisiana crash data, only 1.2 percent of all crashes have 
drivers ejected from the vehicle. In contrast, in crashes where the driver was not wearing a 
seatbelt, almost 22 percent of them were ejected from the vehicle (see Table 6.8). The 
consequence of being ejected from a vehicle is usually severe: the odds of serious injury for 
people not wearing seatbelts is much greater than for people who are belted as illustrated in 
Figure 6.19. The fatal crashes accounted for 18 percent among ejected drivers, which was much 
higher than the 0.52 percent among drivers not being ejected from a vehicle. The PDO crashes 
were dominant for crashes that drivers stayed in the vehicle, accounting for over 80 percent of 
total crsshes, whereas they only account for less than 10 percent of crashes where drivers were 
ejected from the vehicles. The analysis strongly supports the conclusion that seatbelts save lives 
and reduce crash severity a great deal. 
Table 6.8 Proportion of Driver Ejection Rate 
Overall Crashes 1.22% 
Seatbelt Not Used Crashes 21.82% 
 
6.2.2.2 Seatbelt Use by Age and Gender  
Among unbelted drivers, three quarters were male drivers as presented in Table 6.9. Compared 
to older drivers, younger drivers tend to have a low seatbelt use rate: among all unbelted drivers, 
nearly 60 percent were aged under 35 years as illustrated in Figure 6.20. Drivers aged 55 years 
and older only accounted for 10 percent of the unbelted population.  
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6.2.2.3 Seatbelt and Driver’s Insurance 
In the 2004 Louisiana crash dataset, 13 percent of the drivers involved in a crash were not 
insured. Seatbelt use among uninsured drivers was lower than among insured drivers as indicated 
in Table 6.10. This is a surprising finding because uninsured drivers were expected to drive more 
carefully and not to be risk takers. However, the data show contrary results.  
6.2.2.4 Impact of Seatbelt Use 
In order to analyze the impact of seatbelt use to the crash severity, a new dataset with 10 percent 
more seatbelt use than the origianal sample dataset was created. 10 percent unbelted drivers in 
the original dataset were randomly selected and their attribute of seatbelt use was changed from 
 
Figure 6.19 Crash Severities among Ejected and Non-ejected Crashes (2004) 
 
 
Table 6.9 Seatbelt None-Use Rate by Gender 
Male 75% 
Female 25% 
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Figure 6.20 Seatbelt Non-Use Distributions by Age (2004) 
Table 6.10 Seatbelt Use Rate among Insures and Uninsured Drivers 
Among Insured Drivers 
11.39% 
Among Uninsured Drivers 26.58% 
 
 ‗no‘ to ‗yes‘. Then the OML model was applied to the new dataset to forecast crash severities. 
Table 6.11 presents the prediction results: fatal crashes can be reduced by 8.4 percent and severe 
injuries can be reduced by more than 6 percent. It is a big safety improvement since the most 
severe crashes can be reduced considerably. 
Table 6.11 Severity Reductions due to 10% More Seatbelt Use  
  Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury PDO 
Percent 
Reduction -8.40% -6.02% -4.90% -3.0% 1.7% 
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6.2.2.5 Impact of Insurance  
 
The impact of insurance was investigated by applying the OML model to a dataset with 10 
percent more seatbelt use among uninsured drivers. The results, as illustrated in Table 6.12, 
indicate that 1.59 percent of the fatal crashes, one fourth of the total reduction caused by 10 
percent more seatbelt use among all drivers, can be reduced. Apparently,  improving the seatbelt 
use among uninsured drivers can effectively reduce the overall capacity based on the fact that 
uninsured drivers only accounted for 13 percent of all drivers.   
Table 6.12 Severity Reductions due to 10% More Seatbelt Use among Uninsured Drivers 
  Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury PDO 
Percent 
Reduction -1.59% -1.26% -0.71% -0.38% 0.22% 
 
6.2.2.6 Impact of Gender 
The impact of increasing the seatbelt use among male drivers was investigated by applying the 
OML model to a dataset with 10 percent more seatbelt use among male drivers than the original 
dataset. The results, as shown in Table 6.13, indicate that 5.12 percent of the fatal crashes can be 
reduced, that is nearly 80 percent of the total reduction caused by 10 percent more seatbelt use 
among all drivers. Since male drivers accounted for less than half of the total driver population, 
improving the seatbelt use rate among male drivers is more efficient than increasing the overall 
seatbelt use. 
Table 6.13 Severity Reductions due to 10% More Seatbelt Use among Male Drivers 
  Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury PDO 
Percent 
Reduction -5.12% -4.02% -2.74% -1.49% 0.84% 
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6.2.2.7 Impact of Young Male Drivers 
In order to analyze the impact of increasing seatbelt use among young male drivers (age 35 and 
under), a new dataset with 10 percent more seatbelt use among young male drivers than the 
original dataset was created. The OML model application results are presented in Table 6.14, 
indicating that nearly 4 percent of the fatal crashes can be reduced. This is a very significant 
finding because young male drivers account for only 15 percent of the the total licensed drivers.   
Table 6.14 Severity Reductions due to 10% More Seatbelt Use among Male 
 Drivers Aged 35 and Under 
  
Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury 
PDO 
Percent 
Reduction -3.98% -2.81% -2.01% -1.14% 0.63% 
 
6.2.3 Speed 
Speed was also identified as a contributing factor to crash severity. The 2004 crash data, as 
illustrated in Figure 6.21, shows the positive relationship between crash severity and average 
travel speed: the higher the severity level, the higher the speed. The average travel speed for fatal 
crashes was 53 mph (miles per hour), which was 10 mph higher than the severe injury crashes 
and 23 mph higher than PDO crashes. It indicates that speed has a big influence on the crash 
severities and the consequence of a crash occurring at high speed condition was more severe than 
at lower speed.  
6.2.3.1 Impact of Average Speed Reduction 
The influence of speed to the crash severity was investigated in two approaches: to reduce the 
average speed in the sample dataset or to restrict the maximum travel speed.  In the first 
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Figure 6.21 Average Speeds by Crash Severity 
approach, the average travel speed was reduced by 1 and 3 mph to observe the effect of the 
magnitude of speed decrease on crash severity. The OML model predictions for the two 
modified datasets with reduced average speed are presented in Table 6.15. It demonstrates the 
overall decline in fatal and all injury crashes, indicating that the speed has a big impact on crash 
severity, the lower the average speed, the less fatal and injury crashes.  However, a reduction of 
3 mph does not represent three times the reduction in fatal or severe injury crashes that a 1 mph 
reduction in speed does. 
Table 6.15 Impact of Average Speed Reduction to Crash Severity 
Degree of 
Change 
Proportion Reduction  
Fatal Severe Injury Moderate Injury Minor Injury PDO 
1 mph Speed 
Reduction -3.9% -8.3% -9.7% -4.5% 1.9% 
3 mph Speed 
Reduction -8.5% -10.6% -11.7% -6.1% 2.4% 
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6.2.3.2 Impact of Maximum Speed Reduction 
The second approach is to reduce the maximum speed. All crash records with the speed greater 
than a targeted maximum speed were reduced to the chosen maximum speed. It is to eliminate 
the highest speed in the dataset and to investigate the impact to the severity distribution. Two 
new datasets were created with maximum speeds of 65 and 70 mph, respectively. The OML 
model prediction results are presented in Table 6.16 and they demonstrate the considerable 
decline in fatal and all injury crashes. As the maximum speed reduced to 70 mph, the proportion 
of fatal crashes reduced by 4.5 percent, and reduced even more to 6.8 percent if the maximum 
speed was 65 mph. All type of injury crashes showed relatively less reduction. Comparing these 
numbers to the first approach, reducing the average speed, it is obvious that maximum speed 
reduction resulted mainly in a reduction of fatal crashes, but not so much to other levels of 
severity. This indicates that high speed is highly related to fatal crashes and therefore to establish 
an appropriate speed limit and enforce compliance can be an effective countermeasure for fatal 
crashes. 
Table 6.16 Impact of Maximum Speed Reduction to Crash Severity 
Degree of 
Change 
Proportion Reduction  
Fatal 
Severe 
Injury 
Moderate 
Injury 
Minor 
Injury 
PDO 
Max Speed 70 
mph -4.5% -3.8% -3.2% -2.5% 0.9% 
Max Speed 65 
mph -6.8% -5.8% -4.6% -3.2% 1.2% 
 
6.2.4 Multiple Crash Involvements 
A significant number of drivers were repeatedly involved in crashes from 1999 to 2004. 
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Analyzing the characteristics of these high risk drivers is crucial for safety improvement. Of the 
drivers involved in crashes in Louisiana between 1999 and 2004, 132,605 were involved in 
crashes at least twice as shown in Table 6.17. Some drivers even involved in as many as 13 
crashes during this period. Among them, male drivers were more prevalant than female drivers in 
every age group as illustrated in  Figure 6.22.  
 
Table 6.17 Drivers Repeatedly Involved in Crashes 1999-2004 
 
Number of Crashes  Number of Drivers 
2  97,656 
3  26,060 
4  6,307 
5  1,689 
6  548 
7  200 
8  70 
9  38 
10  15 
11  14 
12  4 
13 4 
Total  132,605 
 
 
Figures 6.23 to 6.27 illustrate the number of drivers repeatedly involved in crashes per 100 
licensed drivers by age group. Among drivers involved in crashes twice, age group 21 to 24 
years had about the same rate as age group 15 to 20 years: more than 7 male drivers and 6 female 
drivers for every 100 licensed drivers. In Louisiana,  the age requirements for driver‘s license is 
17 years of age, and  a minor 15 or 16 years of age may only be issued a Class E Learner's 
License/Permit, meaning they have to drive while being accompanied by a licensed driver. 
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Figure 6.22 Drivers Repeatedly Involved in Crashes by Age and Gender 
 
 
 
Figure 6.23 Drivers Involved in Crashes Twice / 100 Licensed Drivers 
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Figure 6.24 Drivers Involved in Crashes 3 Times / 100 Licensed Drivers 
 
 
Figure 6.25 Drivers Involved in Crashes 4 Times / 100 Licensed Drivers 
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Figure 6.26 Drivers Involved in Crashes 5 Times / 100 Licensed Drivers 
 
 
Figure 6.27 Drivers Involved in Crashes 6 Times / 100 Licensed Drivers 
 
0.00
0.02
0.04
0.06
0.08
0.10
0.12
0.14
0.16
0.18
0.20
15-20 21-24 25-34 35-44 45-54 55-64 >64
N
u
m
b
er
 o
f 
D
ri
v
er
s 
In
v
o
lv
ed
 i
n
 C
ra
sh
es
 5
 
T
im
es
 /
 1
0
0
 L
ic
en
se
d
 D
ri
v
er
s
Driver's Age
Male
Female
0.00
0.01
0.02
0.03
0.04
0.05
0.06
0.07
0.08
15-20 21-24 25-34 35-44 45-54 55-64 >64
N
u
m
b
er
 o
f 
D
ri
v
er
s 
In
v
o
lv
ed
 i
n
 C
ra
sh
es
 5
 
T
im
es
 /
 1
0
0
 L
ic
en
se
d
 D
ri
v
er
s
Driver's Age
Male
Female
83 
 
The age group between 15 and 20 is a group of people who can be considered inexperienced 
drivers and therefore they were more likely to be involved in a crash than other age groups.  
For drivers involved in crashes three or more times, the overall trend by age was similar 
to drivers involved in 2 crashes. However, the age group 21 to 24 years did a much better job 
than age group 15 to 20 years. In addition, as the frequncy of crash involvement increases, the 
variation between male and female drivers increases as well. It seems that female drivers modify 
their driving behavior more readily than males.In addition, older drivers have a much lower rate 
of repeat crash involvement, indicating that compared to younger drivers, they are more willing 
to learn from the previous crash experiences and adjust their driving behavior.  
For drivers involved in crash 2 times, the time gap between the two crashes was over 2 
years and did not vary a lot among drivers 21 years and older as indicated in Figure 6.28. 
However, for drivers 20 years and younger, the time gap between two crashes was only one year 
and seven month, which was much shorter than the rest of groups, indicating that drivers in the 
yougest age group were still gaining driving experience. 
For drivers involved in 3 crashes, the time gap bewteen second and third crashes was 
longer than the time gap between the first and second crash for most age groups especiallay for 
drivers aged 45 and under as illustrated in Figure 6.29. It indicates that once drivers are involved 
in a crash for the second time, they tend to drive more carefully and thus it takes longer for them 
to be involved in the next crash. However, this scenario does not appear for drivers involved in 
crashes 4 or more times as shown from Figure 6.30 to 6.32: for these drivers, the time gap among 
multiple crashes is random, indicating that they do not change their driving behavior in response 
to past crashes and therfore can be identified as high risk drivers. It has been found in the 
analyses that drivers involved in multiple crashes still hold a valid driver‘s license no matter how 
many crashes they are involved in.  A way to force these people to improve their driving attitude 
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Figure 6.28 Time Gap for Drivers Involved in Crashes Twice  
 
 
Figure 6.29 Time Gap for Drivers Involved in Crashes Three Times  
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Figure 6.30 Time Gap for Drivers Involved in Crashes Four Times  
 
 
Figure 6.31 Time Gap for Drivers Involved in Crashes Five Times  
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Figure 6.32 Time Gap for Drivers Involved in Crashes Six Times 
and behavior needs to be addressed in a safety policy. For example, consideration 
could be given to suspend a driver‘s license for a certain period of time if a person is involved in 
too many crashes in a specified period of time. Another interesting finding from the analyses is 
that for drivers involved in crashes less than five times,  the time gap among crashes was much 
shorter for age group of 15 to 20 than all other age groups. However, for drivers involved in 
crashes 5 times, the variation of time gap among age groups became much less and even 
dissappeared for drivers involved in crashes 6 times as indicated in Figure 6.31 and Fogure 6.32. 
This scenario indicates that lack of driving experience was a factor for young drivers to be 
involved in crashes a few times; however, it is not a factor for frequent crash involvement, where 
persistant bad driving behavior prevails and drivers never learn from past crash experience. 
6.3 Identification of Safety Policies and Countermeasures 
The following safety policies and countermeasures were identified based on the above findings.  
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6.3.1 A Point System 
A point system in which a driver's licensing authority issues points to drivers on conviction for 
road traffic offenses. Points may be subtracted from their base points and the loss of too many 
points over a given period of time can lead to additional penalties, including fines and suspension 
or revocation of a driver's license. In the meantime, the insurance companies can also use the 
point system to determine the rate adjustment for drivers and whether or not to renew their 
insurance policy (WVDOT website, 2009). 
In a point system, the weight of points may vary by the type of violation.  Certain types 
of violations such as the alcohol involvement, speeding, and not wearing a seatbelt may carry 
more points than others. The weight may also vary by groups of people. For example, the 
analysis shows that young male drivers are more likely to be involved in alcohol-related crashes. 
As a result, more points can be put on drinking and driving violation for young male drivers. In a 
point system, a major offense may lead to more than the maximum allowed points being issued. 
For example, the repeat DUI offenders may lose all the points they have due to one more DUI 
conviction.  
6.3.2 Reinforce the Alcohol Enforcement during Nighttime and on the Weekend  
Based on the analysis, the alcohol-related crashes occur more frequently during the nighttime 
and on weekends. As a result, it is most productive to conduct enforcement during these time 
periods.  
6.3.3 Harsher Penalties for Repeat DUI Offenders 
The study shows the fact that the repeat DUI offenders retain their license no matter how many 
convictions they have, which demonstrates a safety concern because these drivers disregard the 
law and are risking the lives of innocent victims on the roadways. It is necessary to provide 
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harsher penalties for the repeat DUI offenders. It can be done by implementing a point system as 
mentioned earlier. Moreover, a mandatory prison term for these drivers may also be needed. 
6.3.4 Uninsured Motorists  
It has been estimated that there is about 10 percent uninsured motorists in Louisiana (Insurance 
Research Council, 2009). Currently, Louisiana issues stiff penalties for those who drive without 
proof of insurance. If a driver is pulled over by a Louisiana law-enforcement officer and fails to 
show proof of insurance, he/she will face immediate impoundment of his/her vehicle (LA 
Department of Safety and Corrections, 2009). The random roadside check should be conducted 
frequently to keep the uninsured drivers off the roadway.  
6.3.5 Automated Enforcement 
The study shows a positive relationship between speed and crash severity: the higher the speed, 
the greater the severity. It has also been shown that fatal crashes will be reduced significantly if 
the maximum speed is reduced. The most effective strategy is to enforce the speed-limit 
compliance. Other than the presence of police officers, automated enforcement such as roadside 
speed vans and speed camera at intersections should greatly help improve enforcement potential.  
6.3.6 Reinforce the Driver Education and Provide the Effective Driver Training Program for 
Young Drivers 
 
The study shows that young drivers, especially young male drivers have a high crash rate and 
high fatality rate. The driver education and driver training program needs to be enhanced to help 
these young drivers. The current Louisiana law states that when a person applies, all first-time 
applicants in Louisiana for either learner's permit or full license are required to take and 
successfully complete either a six-hour pre-licensing course or a 38-hour driver education course 
(LA DOM website, 2010). The six-hour courses are for people who are at least 17 years old and 
applying for their permits or first-time Class E licenses. The 38-hour courses are for 15- and 16-
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year-olds applying for their permits. It is not adequate to educate young drivers for both driving 
skill and safety recognition in such a short time. Various safety programs need to be provided for 
young drivers, especially those who have been involved in crashes. The program should help 
inexperienced drivers to improve through gradual exposure to increasingly challenging driving 
tasks because the research shows that significant hours of behind-the-wheel experience are 
necessary to reduce crash-involvement risk. Parents involved in safety programs also play an 
important role in developing driving skills (National Safety Council website, 2009). 
 6.3.7 Lengthen the Leaning Permit License Period for Teenagers 
The study shows that drivers aged 15 to 20 years have the highest rate of repeat crash 
involvement and they have the shortest gap among multiple crashes compared to all other age 
groups. Lack of driving experience is likely to be responsible for multiple crash involvement.  
The current Louisiana law requires that teen drivers 15 and 16 years of age qualify for the 
Class E Learners Permit and once the teen has received the learners permit they are allowed to 
drive only when accompanied by a licensed parent, legal guardian or a licensed adult 21 years of 
age or older (LA Department of Safety and Corrections, 2009). Although it leads the driver to 
gradually drive independently, it may not be sufficient for teenagers with a crash record. The 
time period to hold the learners permit may be flexible depending on a driver‘s driving behavior.  
6.4 Safety Benefit Estimation 
The safety benefit of a safety policy or countermeasure can be estimated by calculating the 
benefit/cost (B/C) ratio. The benefit can be estimated by converting the crash severity reduction 
obtained from the model prediction into a dollar value based on the cost estimate provided by the 
US Department of Transportation (US DOT, 1994) as shown in Table 6.18. The cost estimate 
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can be calculated by adding all expenditures for the implementation of a policy or 
countermeasure.  
Table 6.18 Cost of Traffic Crash (1994 Value) 
Severity Cost Per Injury (Dollars) 
Fatal 2,600,000 
Severe Injury 180,000 
Moderate Injury 36,000 
Minor Injury 19,000 
PDO 2,000 
Based on a study done by Miller et al. (1998), the unit cost of a sobriety test is $8200, 
including the payment to the police officers, equipment cost, advertizing cost, etc. The following 
two scenarios were compared to determine a more cost effective way to implement the test. 
1. Implement the sobriety check on both weekdays and weekends. 
2. Implement the sobriety checks on weekends only. 
In the first scenario, assume an alcohol-testing campaign is launched in East Baton Rouge 
Parish and random roadside testing is conducted at various locations over the parish during the 
year.  On average, a sobriety test is implemented 3 times a week even though no testing is not 
conducted during some weeks. The cost of the campaign could be estimated as: 
8200*3*52=$1,279,200 
Assume the campaign reduces alcohol involvement by 10 percent. There were 39 fatal 
crashes, 200 severe injury crashes, 1,204 moderate injury crashes, 4,490 minor injury crashes, 
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and 15,960 PDO crashes occurred in East Baton Rouge parish in 2004. According to the study, 
10 percent less alcohol involvement can lead to a reduction of 4.5 percent of fatal crashes, 8.7 
percent of severe injury crashes, 5.9 percent of moderate injury crashes and 1.9 percent of minor 
injury crashes, and a 0.9 percent increase of PDO crashes. As a result of applying these changes 
to the crash data, 2 fatal crashes, 17 severe injury crashes, 71 moderate injury crashes, and 85 
minor injury crashes will be reduced and 144 PDO crashes will be increased.  
 The benefit of implementing the sobriety test can be calculated as:  
2*2,600,000+17*180,000 + 71*36,000 +85*19,000 – 144*2000 = $12,143,000 
 So that the B/C ratio is:  
 B/C=$12,143,000/$1,279,200 =9.5 
 For the second scenario, assume an average of only one sobriety test is implemented on 
weekends. Assume it results in a 10 percent reduction of alcohol involvement on weekends. 
According to the study, it can lead to a reduction of 1.8 percent of the fatal crashes, 3.4 percent 
of the severe injury crashes, 2.6 percent of the moderate injury crashes and 0.9 percent of the 
minor injury crashes, and a 0.5 percent increase of PDO crashes. As a result, 1 fatal crash, 7 
severe injury crashes, 31 moderate injury crashes, and 40 minor injury crashes can be reduced, 
while PDO crashes increased by 79. 
 The benefit can be calculated as: 
1*2,600,000+7*180,000 + 31*36,000 +40*19,000 – 79*2000 = $5,578,000 
 The cost can be calculated as: 
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 8200*1*52=$426,400 
 The B/C ratio becomes:  
 B/C=$5,578,000/$426,400 =13.1 
 Both scenarios show that it is worthwhile to conduct the sobriety test and it is more cost 
effective to implement it on weekends only.  
6.5 Summary of Chapter 6 
In this chapter, a detailed analysis to quantify the impact of crash severity contributing factors 
including the alcohol involvement, seatbelt use, and vehicle speed to the crash severity was 
conducted. The characteristics of repeat DUI offenders and drivers repeatedly involved in 
crashes were also analyzed. Based on the analysis results, safety policies and countermeasures 
were proposed. Lastly, the benefit of implementing the sobriety test was estimated.  
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CHAPTER 7. CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS 
 
7.1 Conclusions 
This study set out to address three objectives. First, to identify and quantify the main 
contributing factors to the severity of highway crashes in Louisiana including human, roadway 
and environmental, and vehicle factors. Second, to identify policies and countermeasures to the 
major safety problems in Louisiana. The last was to estimate the safety benefit of implementing 
proposed policies and countermeasures. The following conclusions have been drawn regarding 
these objectives based on the analysis conducted in this study. 
In order to identify and quantify the factors contributing to the severity of crashes in 
Louisiana, it was decided to fit alternative discrete choice models to crash data in Louisiana so 
that the significance and magnitude of the coefficients estimated in the model would identify and 
quantify the factors affecting crash severity. Several alternative discrete choice models were 
tested in this role, including the OML (Ordered Mixed Logit) model, the MNL (Multinomial 
Logit) model, and the OP (Ordered Probit) model. The OML model was selected from the three 
candidate models as the crash severity prediction model, since it outperformed the other two 
models. The crash severity contributing factors identified by the OML model are age and gender 
of the driver, vehicle speed, whether alcohol played a role in the crash, whether seatbelts were 
used, whether the driver was ejected from the vehicle, whether the crash was a head-on collision, 
whether an airbag was deployed, and whether one of the vehicles was following too close behind 
another vehicle.  
Among the nine contributing factors, three factors, including alcohol involvement, 
seatbelt use, and speed, can be altered by a safety policy or countermeasure.  The remaining 
factors are either fixed characteristics of the driver, are consequences of the crash, or relate to a 
specific type of crash (e.g. head-on crashes) that are a small proportion of all crashes. As a result, 
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detailed analyses were conducted on the policy-sensitive factors of alcohol involvement, seatbelt 
use, and speed only.  
Since this study focuses on establishing the relationship between crash severity and its 
influencing factors given that a crash occurs, the results from the model are estimates of crash 
severity distribution and not the number of crashes in each severity category. That is, unless the 
total number of crashes remains the same, the model developed in this study can only estimate 
the proportion of crashes in each severity category since factors affecting severity are also likely 
to affect the incidence of crashes as well.  
The OML model was also used to quantify the impact of the identified contributing 
factors. The results show that reducing alcohol involvement can reduce the proportion of fatal 
and injury crashes significantly. For example, a 10 percent reduction of alcohol involvement in 
crashes can reduce fatal crashes by 4.5 percent, severe injury crashes by nearly 9 percent, and 
moderate injuries by nearly 6 percent. Reducing the alcohol involvement among young male 
drivers (age 24 and under) is more productive than reducing alcohol involvement among all 
drivers.  This can be seen by noting that although young male drivers account for less than 7 
percent of the driver population, a 10 percent alcohol involvement reduction among them can 
reduce fatal crashes by 1.2 percent, which is 28 percent of the reduction caused by 10 percent 
less alcohol involvement among all drivers. The study also demonstrated that reducing alcohol 
involvement at night and over weekends is more efficient than during other times. A 10 percent 
decrease of alcohol-involved crashes between 9 pm and 3 am can reduce fatal crashes by 2.3 
percent, which is 51 percent of the total reduction if there was 10 percent less alcohol 
involvement during all hours. It is a very impressive finding because crashes occurring during 
this time period account for less than 25 percent of the total crashes. Although only 24 percent of 
the total crashes occur on weekends, reducing the alcohol involvement by 10 percent can result 
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in 1.8 percent decline in fatal crashes, which is 40 percent of the total reduction if there is 10 
percent less alcohol involvement on all weekdays. 
Taken together, the analysis clearly indicates how beneficial reducing alcohol use at 
certain times of the day and week can be. For example, if efficiency of conducting a campaign to 
reduce alcohol use (e.g. roadside sobriety tests) is measured in terms of crash reduction per hour 
of campaign, then the statistics above suggest that conducting the campaign between 9 p.m. and 
3 a.m. on weekends is approximately 3.4 times more efficient (  ) than conducting the 
campaign at any time during the day on any day of the week. If, in addition, young male drivers 
were targeted (e.g. conducting roadside sobriety tests close to locations frequented by young 
males), then in terms of hours of operation and number of drivers tested, efficiency of the 
operation would be increased by a further 4.0 (  ) to make the entire operation 13.6 (3.4 x 4.0) 
times more efficient than conducting sobriety tests at any time on all drivers. 
Regarding the influence of seatbelt use to crash severity, the analysis strongly supports 
the conclusion that seatbelts save lives and reduces the severity of crashes. A 10 percent increase 
of seatbelt use can lead to an 8.4 percent reduction of fatal crashes and more than 6 percent 
decline in severe injury crashes. The significance of this finding is in the large impact seatbelt 
use has on severe crashes at no cost to the beneficiary and little cost to authorities beyond the 
cost of enforcement and education on the benefit of wearing seatbelts. The study also reveals that 
the risk of death or serious injury among people not wearing seatbelts is much greater than for 
people who are belted because fatal crashes account for 18 percent among ejected drivers, while 
it is only 0.52 percent among drivers not ejected from a vehicle.  
Improving the use of seatbelt among male drivers is more efficient than increasing 
overall seatbelt use. The analysis shows that fatal crashes can be reduced by 5.12 percent if the 
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seatbelt use among male drivers is inceased by 10 percent, which is nearly 80 percent of the total 
reduction caused by 10 percent more seatbelt use among all drivers. In addition, although young 
male drivers (age 34 and under) only account for 15 percent of  the total licensed drivers, nearly 
4 percent of fatal crashes can be reduced by increasing the seatbelt use by 10 percent among 
them, which is 47 percent of the total reduction caused by 10 percent more seatbelt use among all 
drivers.  Considering that male drivers make up approximately 50 percent of all drivers, targeting 
young male drivers would conceivably be 5 ( ) times more efficient in terms of effort per 
driver than applying countermeasures to all drivers. To target seatbelt use to a section of society 
may seem impractical but it may be appropriate in certain circumstances where applying a 
seatbelt-wearing campaign to all drivers may be too expensive, but would be justified by the high 
efficiency of applying it to young males.  For example, if insurance companies would reward 
seatbelt wearing among young males with a reduced car insurance premium, a targeted campaign 
may prove feasible. 
The study also indicates that improving seatbelt use among uninsured drivers can 
effectively reduce the overall severity of crashes based on the fact that although uninsured 
drivers only account for 13 percent of all drivers, increasing 10 percent of the seatbelt use among 
them can lead to 25 percent reduction in fatal crashes caused by a 10 percent increase of the 
seatbelt use among all drivers. Thus, it is twice as effective in saving lives to increase seatbelt 
use among uninsured drivers as it is to increase seatbelt use among all drivers.  This could be 
seen as a motivation to make seatbelt use a primary offence since if an uninsured motorist is 
stopped because they are not wearing a seatbelt, their lack of insurance will also be discovered. 
The study also indicates that reducing the maximum speed can greatly reduce fatal 
crashes whereas reducing average speed can reduce the fatal and all injury crashes. The analysis 
shows that lowering the maximun speed to 70 mph and 65 mph can reduce fatal crashes by 4.5 
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and 6.8 percent, respectively. Relatively less reduction in injury crashes occur with a reduction in 
maximum speed. The reduction of average speed, however, caused a decrease in fatal and all 
injury crashes. A 1 mile per hour reduction in average speed can lead to fatal, severe injury, 
moderate injury, and minor injury crashes to be reduced by 3.9, 8.3, 9.7, and 4.5 percent, 
respectively. This reinforces the finding from other research that speed increases the severity of 
crashes 
There is a general safety concern for the young male drivers (age 15 to 24) because they 
have the highest crash rate, fatality rate, and alcohol involvement rate. Male drivers aged 21 to 
24 also have the highest repeat DUI-offender‘s rate and the highest multiple-involvement rate of 
crashes.  
From the analysis of repeat DUI offenders, it has been found that as the frequency of the 
DUI convictions increases, the influence of age on the time gap among crashes becomes 
insignificant. This is the influence of habitual offenders who generally do not modify their 
behavior over time. On the other hand, the study shows that for two-time DUI offenders, it took a 
longer time for older drivers than younger drivers to have the second conviction, suggesting that 
among non-habitual offenders, older drivers are more likely to modify their behavior than 
younger drivers. However, there was no difference among age groups in terms of time gap 
among each DUI convictions for the three-time offenders, suggesting again that habitual 
offenders are present among all age groups 
For drivers repeatedly involved in crashes, lack of driving experience is likely to be 
responsible for this behavior among young drivers (age 15 to 20) because the time gap among 
crashes for this age group is much shorter than for all other age groups. However, the 
discrepancy of time gap among age groups decreases as the frequency of crash involvement 
increases, indicating that age and lack of experience is no longer a factor, persistant bad driving 
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behavior and an inability to learn from previous crashes, instead, lead these drivers to be 
involved in the crashes over and over again.  
The following policies and countermeasures have been identified based on the analysis 
results: 
 A point system can be used to rate driving records. In a point system, certain points are 
deducted from the base points if a driver is involved in a crash where they are at fault or a 
citation for a traffic violation has been issued. A driver will place himself/herself  in 
danger of losing their driver's license if he/she loses too many points. This system can 
improve compliance with the law, reduce  crashes,  and help drivers regulate their own 
driving behavior.   
 Reinforce programs that reduce the incidence of driving under the influence of alcohol 
during the nighttime and over weekends since the alcohol-related crashes occur more 
often during these time periods. 
 Harsher penalties for the repeat DUI offenders are needed because the study shows that 
self education is not effective among these drivers. 
 Reinforce law enforcement to keep uninsured motorists off the roadway. The study 
shows that uninsured motorists have lower seatbelt-use rate and the higher crash 
severities. 
 Automated enforcement needs to be implemented to ensure speed compliance. 
 Reinforce driver education and provide effective driver training programs for young 
drivers.  
 Lengthen the learning permit license period for teenagers with a bad driving record. 
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The last objective of the study was to demonstrate the estimation of the safety benefit of 
policies and countermeasures. It was done by conducting a benefit/cost (B/C) ratio estimation of 
a common countermeasure (roadside sobriety testing). The benefit was estimated by converting 
the crash severity reduction obtained from the model prediction into a dollar value based on the 
cost of crashes of different severity as published by the US Department of Transportation. The 
cost was estimated by adding all expenditures for the implementation of a policy or a 
countermeasure.  The result from an example analysis conducted in chapter 6 indicates that it is 
cost effective to implement a sobriety test: a B/C ratio of 9.5 can be achieved if the sobriety test 
is implemented three times a week (2 weekdays and 1 day on weekends). It also shows that it is 
more cost effective to implement it on weekends (1 day on weekends only) because a better B/C 
ratio of 13.1 can be accomplished. 
The overall conclusion that can be drawn from this study is that human factors such as 
drinking and driving have a big influence on crash severities and increasing compliance with 
traffic laws can effectively reduce the crash severities. It also demonstrates that it is crucial to 
establish the quantitative relationship of human factors to the crash severity so that the benefit of 
policies and countermeasures can be assessed.   
7.2 Direction for Future Research 
7.2.1 Data 
Data is crucial for the crash analysis. The quality of the research is highly dependent on the 
availability and quality of data. For example, cell phone use is a possible contributing factor to 
the crash severity; however, lack of information on cell phone use in most data sets makes it 
impossible to investigate the correlation between the two. BAC (Blood Alcohol Content) data is 
another example. This information is missing in the most crash records because either no test 
was given or the test results were pending at the time the data record was submitted. Although it 
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would very useful to be able to establish the relationship between BAC level and crash severity, 
lack of data precludes it. To obtain more valuable data will be very helpful in improving future 
research. 
7.2.2 Establish the Quantitative Relationship between Human Factors and Crash Severity 
Although it has been determine that human factors are the main contributing factors for the 
crashes, more attention is still given to the impact of roadway and environmental factors on 
safety. Considerable research has been conducted in the past to investigate the relationship 
between the roadway characteristics and crashes. In the Highway Safety Manual, recently 
published by ASSHTO (American Association of State Highway and Transportation Officials), a 
way to quantify the impact of the geometric and design features of roadways to safety was 
established: any change in geometric attributes of a roadway can be converted to a change of 
crashes. Although the human factors were briefly mentioned in the manual, it is far from 
complete in its handling of the subject. Since this study quantified the impact that some human 
factors have on crash severity, it contributes toward achievement of that goal. 
7.2.3 Study for Repeat DUI Offenders and Drivers Repeatedly Involved in Crashes 
An analysis of repeat DUI offenders was conducted in this study but further analysis needs to be 
conducted in the future. To understand their behavior, we need to know more about these 
drivers‘ characteristics such as their educational level, marriage status, level of employment, and 
their history of past traffic violations. This information should help to identify factors 
contributing toward the frequency of violations and thus discover the way to reduce them in the 
future. Further analysis also needs to be given to the drivers who were repeatedly involved in 
traffic crashes.  
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7.2.4 Need for Crash Frequency Prediction Model 
The relationship between the crash severity and the contributing factors was analyzed in this 
study. There is also a need to establish the relationship between crash frequency and the factors 
contributing to the incidence of crashes. The crash frequency and severity prediction models may 
share some common contributing factors but will certainly have different ones as well. Even for 
those common factors, the magnitude of influence may not be the same. By establishing a crash 
frequency prediction model, we will have the ability to forecast both crash occurrence and 
severity and thus get the whole picture of traffic safety improvement based on the condition of 
the contributing factors.  
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